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Abstract. Do heat extremes in climate model simulations form for the right physical reasons? Addressing this question is

essential to further our confidence in heat extreme projections, to pinpoint regionally varying model biases, and to enable model

improvements regarding heat extremes. Here, we perform a detailed process-based evaluation of CMIP6-type simulations

with the Community Earth System Model version 2 (CESM2) regarding heat extremes and employ a previously established

Lagrangian approach to quantify advective, adiabatic, and diabatic contributions to near-surface temperature anomalies (T ′)5

during heat extremes. Heat extremes are identified at each grid point and year as the day with the largest daily mean two-meter

temperature (hereafter termed TX1day events).

The CESM2 results are compared with results of an analogous analysis in ERA5 reanalyses (considered here as “observa-

tions”) for the time period 1980–2020 – acknowledging that the two datasets differ in terms of spatial and temporal resolution

and underlying numerical model and physical parameterizations. This comparison reveals that, qualitatively and considering10

continental-scale variations, near-surface T ′ during TX1day events in CESM2 form in a physically similar way as in ERA5:

Advective contributions dominate in storm track regions, diabatic contributions dominate over tropical and subtropical land

regions, and adiabatic warming contributes significantly to heat extremes over subtropical oceans and extratropical land re-

gions. However, quantitatively and at regional scales, there are considerable differences: CESM2 overestimates the magnitude

of near-surface T ′ during TX1day events in numerous regions (in the global average the TX1day T ′ magnitudes are 3.70 K15

and 3.21 K in CESM2 and ERA5, respectively). These differences are related to larger advective contributions to TX1day

events in CESM2 compared to ERA5. That is, differences in the magnitude of simulated TX1day events appear to be related

to circulation differences associated with TX1day events in CESM2 as opposed to ERA5. Furthermore, over land, CESM2

systematically overestimates the diabatic contribution to near-surface T ′ during TX1day events (4.61 K in CESM2 vs. 2.48 K

in ERA5), and underestimates the adiabatic contribution (1.69 K in CESM2 vs. 3.45 K in ERA5). Differences in these con-20

tributions to TX1day T ′ are much larger than the differences in the TX1day T ′ magnitude, and, consequently, the magnitude

of CESM2 TX1day events is often “right for the partly wrong physical reasons”. Composite analyses for TX1day events

in selected regions suggest that differences in the land-atmosphere coupling, in particular an erroneous partitioning between

sensible and latent heat fluxes, is partly responsible for the larger diabatic contributions in CESM2. Importantly, sensitivity

experiments using ERA5 data with reduced spatial and temporal resolution (mimicking the resolution of CESM2) show that25
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resolution differences only explain a minor fraction of the identified differences to ERA5 and that they are therefore mainly

caused by differences in model numerics and physics.

We argue that such a detailed quantitative understanding of the differences in the physical processes behind simulated and

observed heat extremes is highly relevant for assessing and improving the robustness of heat extreme projections. Our results

thus call for analogous investigations with other state-of-the-art models.30

Copyright statement. TEXT

1 Introduction

Ever more intense heat extremes with ever more drastic socioeconomic and ecological impacts have become a regular feature of

summer weather across the globe. The escalating consequences of heat extremes are a growing societal concern (IPCC, 2021),

for instance regarding public health (Guo et al., 2018; Vicedo-Cabrera et al., 2021), food security (Shukla et al., 2019), and35

ecosystem impacts (White et al., 2023). Furthermore, they also influence the public perception of environmental policies (Owen

et al., 2012; Larcom et al., 2019). Thus, the demand is high for projections of heat extreme frequencies and characteristics in

a warming climate. Such projections always rely on climate model simulations, which serve as an indispensable resource of

the climate science community for providing relevant and actionable information regarding heat (and other) extremes to the

public.40

A prominent example of high-profile usage of such climate model simulations includes statements about heat extremes

presented in the latest assessment report by the Intergovernmental Panel on Climate Change (IPCC, 2021), which are based

on simulations from the Coupled Model Intercomparison Project (CMIP) number 6 (Eyring et al., 2016). Most heat extreme

attribution studies (Stott et al., 2004; van Oldenborgh et al., 2021) also ultimately hinge upon heat extreme statistics derived

from climate model simulations. Furthermore, several recent studies have investigated physically plausible worst-case heat45

extremes in climate simulations (Gessner et al., 2021; Fischer et al., 2023). In light of increasing occurrences of heat extremes

that shatter local temperature records (Fischer et al., 2021), such information is essential for designing preparedness strategies

for future high-impact heat extremes, e.g., when planning major public events such as the 2024 Paris Olympics (Yiou et al.,

2023).

All of those analyses can only yield robust results if the climate models providing the underlying data realistically simulate50

heat extremes, which renders the evaluation of climate models regarding heat extremes a foremost task for the climate science

community (van Oldenborgh et al., 2021). Most state-of-the-art climate models have been evaluated thoroughly regarding the

statistics of simulated heat extremes under present-day conditions (Sillmann et al., 2013; Wehner et al., 2020; Hirsch et al.,

2021), with promising results at least at large scales. However, at regional scales, there are considerable biases in the number,

duration and intensity of heat extremes (Hirsch et al., 2021). Moreover, in some regions (e.g., the United States Midwest as55

well as western Europe) trends in observed heat extremes seem to be nearly impossible for current climate models to reproduce
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(Vautard et al., 2023; Singh et al., 2023). This raises questions regarding the physical plausibility of simulated heat extremes

in state-of-the-art climate models (Van Oldenborgh et al., 2022). Consequently, for improving the robustness of heat extreme

projections, for a robust attribution of heat extremes, and for constructing plausible storylines of worst-case heat extremes, it is

pivotal to understand whether models simulate heat extremes in physically plausible ways. That is, models need to be evaluated60

not only regarding the statistics of heat extremes, but also regarding the involved physical processes.

The physical mechanisms leading to heat extremes have been studied extensively. On a conceptual level, the formation of

their near-surface temperature anomaliesT0 can be viewed as an interplay between three basic physical processes that can

be explicitly quanti�ed with the Lagrangian, i.e., trajectory-based method introduced by Röthlisberger and Papritz (2023c):

(a) the advection of air across climatological temperature gradients (yielding advectiveT0), (b) adiabatic warming (yielding65

adiabaticT0) and (c) the combined effect of various diabatic processes (i.e., radiation, cloud diabatic processes, turbulent

heat �uxes etc., yielding diabaticT0). Importantly, the relative contribution of the three processes to near-surfaceT0 during

heat extremes varies dramatically across the globe, consistent with widely differing meteorological storylines of heat extreme

formation (Röthlisberger and Papritz, 2023c). For instance over extratropical land regions, heat extremes are well known to

occur in persistent and quasi-stationary anticyclones (e.g., atmospheric blocks; Pfahl and Wernli, 2012; Sousa et al., 2017).70

Near-surface warm anomalies form in these anticyclones in particular due to subsidence warming, with clear-sky conditions

and subsequent diabatic heating of near-surface air (Bieli et al., 2015; Zschenderlein et al., 2018), while further aloft the

advection of air across climatological temperature gradients also contributes signi�cantly to anomalous warmth (Hotz et al.,

2023). Furthermore, increasingly dry soils underneath persistent blocks further exacerbate the near-surfaceT0 diabatically, by

increasing sensible and decreasing latent heat �uxes (e.g., Fischer et al., 2007b; Seneviratne et al., 2010; Miralles et al., 2014;75

Wehrli et al., 2019; Schumacher et al., 2019). Over extratropical ocean regions, however, surface heat �uxes act to dampen

large temperature anomalies of either sign (Röthlisberger and Papritz, 2023c, a), and advection is the main contributor to

heat extremes there (Gar�nkel and Harnik, 2017; Röthlisberger and Papritz, 2023c). Over tropical regions, where temperature

gradients are small, the magnitude of near-surface temperature anomalies during heat extremes is constrained by the stability

of the atmospheric pro�le to moist convection (Byrne, 2021; Zhang et al., 2021), i.e., in particular by near-surface moisture as80

well as mid-tropospheric temperatures. There, advective contributions to near-surfaceT0 are thus small and diabatic processes

as well as adiabatic warming form the bulk of near-surfaceT0 during heat extremes.

Recent studies have identi�ed several biases in state-of-the-art climate models that relate to the physics of heat extremes.

For instance, current climate models (i.e., those contributing to CMIP5 and CMIP6) generally underestimate the frequency and

persistence of atmospheric blocks (e.g., Woollings et al., 2018). In particular in the North Atlantic region, these biases have85

proven to be remarkably insensitive to model improvements over the last 20 years (Davini and D'Andrea, 2016), although

signi�cantly increasing model resolution to convection-resolving scales might alleviate these biases to some degree (Schie-

mann et al., 2020). Moreover, climate models have biases in their simulated land-atmosphere coupling (Dirmeyer et al., 2018;

Ukkola et al., 2018; Abramowitz et al., 2024), which conceivably affects the diabatic contribution to simulated heat extremes.

Numerous climate models underestimate warm-season evapotranspiration in extratropical regions (Mueller and Seneviratne,90

2014), in particular during heat extremes (Wehrli et al., 2018). These evapotranspiration biases lead to an erroneous partition-
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ing of surface heat �uxes in favor of sensible as opposed to latent heat �uxes, which, in some regions, shifts simulated surface

temperature distributions towards higher values (Mueller and Seneviratne, 2014). Moreover, a too frequent coincidence of high

near-surface temperature and low evapotranspiration in CMIP5 models points to a too strong land-atmosphere coupling in

particular during heat extremes (Sippel et al., 2017).95

In summary, previous studies have evaluated current climate models regarding speci�c physical aspects of simulated heat

extremes, which are qualitatively related to one or several of the three processes that generate near-surface positive tempera-

ture anomalies,T0, during heat extremes. The purpose of this study is to directly evaluate advective, adiabatic, and diabatic

contributions to near-surfaceT0 during heat extremes simulated with the Community Earth System Model version 2 (CESM2;

Danabasoglu et al., 2020). To this end, the LagrangianT0 decomposition of Röthlisberger and Papritz (2023c) is applied to100

CMIP6-type simulations performed with CESM2. The application of this method, explained in detail in Sect. 2.3, requires

the computation of a large number of kinematic air parcel trajectories in order to quantify the physical processes leading to

the formation of the temperature anomalies. The results are then contrasted to those of an analogous analysis performed with

the European Centre for Medium-Range Weather Forecasts (ECMWF) reanalysis ERA5 (Hersbach et al., 2020), published in

Röthlisberger and Papritz (2023c). Speci�cally, we quantitatively address the following research questions at a global scale:105

1. How large are differences between CESM2 and ERA5 regarding the magnitude of near-surfaceT0 during TX1day

events?

2. How large are the differences in the advective, adiabatic, and diabatic contributions to TX1day events globally?

3. To what extent do the spatial and temporal scales over which near surfaceT0 during TX1day events form agree between

CESM2 and ERA5?110

4. What are plausible physical causes of differences to ERA5 in TX1dayT0 magnitude and its contributions in CESM2?

The remainder of the paper is structured as follows: In Sect. 2, we introduce the data used and brie�y describe the concepts

and ideas underlying the LagrangianT0 decomposition. Then advective, adiabatic, and diabaticT0 during TX1day events in

CESM2 and ERA5 are compared in Sect. 3, and we explore potential causes of major differences in Sect. 3.3 and 3.4. A

discussion of our key �ndings, a summary, and conclusions drawn from this work are then provided in Sect. 4.115

Before we continue, it is important to address a potential critique of our study, which is that when comparing CESM2

and ERA5, we don't compare like for like because CESM2 and IFS – the model used to produce the ERA5 reanalyses –

differ fundamentally in their horizontal and vertical resolution (and in their dynamical core and utilized parameterizations).

Indeed, CESM2, like most other climate models contributing to CMIP6, has a coarser resolution than ERA5. But this is

exactly why it is interesting to validate processes in climate models, or more speci�cally for our study, to address the question120

whether heat extremes in climate model simulations form for the right physical reasons. Models like CESM2 are the best

tools available to inform society about effects of climate change on heat extremes globally and to separate forced changes

from internal variability, thanks to running large ensembles. As discussed above, the demand is high for projections of heat

extreme frequencies and characteristics in a warming climate and several impact studies of heat extremes on, e.g., health and
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food security rely on such projections. We are therefore convinced that it is very important to compare the statistics of heat125

extremes (as done in several earlier studies). But to further foster con�dence in heat extreme projections we consider it equally

important to also evaluate the underlying physical processes in state-of-the-art global climate models. In this study we do so by

regarding ERA5 as the “truth” and CESM2 as “a state-of-the-art global climate model that provides valuable information about

future projections of extremes”, and we are aware that these two datasets differ widely in terms of resolution and underlying

numerical model.130

2 Data and methods

2.1 CESM2 simulations

We use simulations performed with CESM version 2.1.2 (Danabasoglu et al., 2020), which have been run in exactly the same

setup as for producing the CESM2 Large Ensemble (CESM2-LE; Rodgers et al., 2021). The fully coupled simulations have 32

vertical levels and a horizontal resolution of1:25� longitude times� 0:9� latitude. They use CMIP6 historical radiative forcing135

until 2014 and Shared Socioeconomic Pathways (SSP) 3-7.0 radiative forcing thereafter. A four-member ensemble covering

the time period 1980–2020 is considered in our analyses. In contrast to the publicly available CESM2-LE data, we stored

six-hourly output of horizontal and vertical winds (u;v; ! ) and temperature (T) on all 32 model levels, i.e., we retained the

full vertical resolution of the model and are thus able to compute kinematic air parcel trajectories required for the Lagrangian

temperature anomaly decomposition (see Sect. 2.3).140

As in Röthlisberger and Papritz (2023c), we consider as heat extremes so-called TX1day events, which are identi�ed at

each grid point as the hottest day of the year based on absolute daily mean two-meter temperature,T2m, computed from the

respective six-hourly values. As we consider a 41-year period, this yields 41 TX1day events per member. Note that TX1day

events are identi�ed based on absolute temperatures and not based on temperature anomalies. Evidently, various meaningful

de�nitions of heat extremes exist and have been used previously. Here, we opt for TX1day events for the following reasons:145

(1) the computational demand of our analyses scales linearly with the duration of the events under consideration. That is,

focusing on longer-lasting events such as TX5day events (as in e.g., Fischer et al., 2021) would be �ve times more costly

than considering TX1day events, and would exceed the limits of computational resources available to the authors. (2) TX1day

events are annual block maxima and thus lend themselves to analyses based on extreme-value statistics. (3) TX1day events

have been used previously by Röthlisberger and Papritz (2023c), whose analysis serves as starting point of this study.150

To decompose the near-surfaceT0 of the CESM2 TX1day events, we compute 15-day backward trajectories from each

TX1day event, at six-hourly temporal resolution and on three vertical near-surface levels (10, 30 and 50 hPa above ground),

yielding 12 trajectories per TX1day event in CESM2. Trajectories have been computed with LAGRANTO 2.0 (Sprenger and

Wernli, 2015). LAGRANTO is a versatile tool to calculate three-dimensional air parcel trajectories of�ine. As input �elds,

it uses three-dimensional winds and additional use-speci�c variables (in our case temperature, the model-level temperature155

climatology and its temporal and pressure derivatives), which are interpolated in space and time along the trajectories. Details

about the numerical implementation and the versatile functionality of the tool can be found in Sprenger and Wernli (2015).
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2.2 ERA5

We evaluate CESM2 TX1day characteristics against the latest ECMWF reanalysis ERA5 (Hersbach et al., 2020) for the time

period 1980 to 2020. The ERA5 data used here has been interpolated to a0:5� latitude by0:5� longitude grid, and is used at160

three-hourly temporal resolution. As for CESM2, model level data is used for the Lagrangian analyses and TX1day events

are identi�ed as in CESM2, i.e., based on daily meanT2m. To employ the LagrangianT0 decomposition, as for CESM2, 15-

day backward trajectories are computed from the same near-surface vertical levels but at three-hourly resolution, yielding 24

trajectories per ERA5 TX1day event. The results of our analyses with ERA5 have been published previously in Röthlisberger

and Papritz (2023c) (there the years 1979–2020 were considered).165

From the description of the two datasets it becomes evident that trajectories computed with CESM2 rely on wind �elds with

a coarser horizontal, vertical, and temporal resolution. This means that although we apply the identical diagnostic (described

in the next subsection), the comparison of the resultingT0 decomposition might be affected by the differing resolutions of the

underlying datasets. We will come back to this issue in Sect. 3.4.1, where we perform sensitivity experiments by reducing the

resolution of ERA5 �elds towards the one of CESM2. For these speci�c experiments, we interpolated ERA5 data to various170

resolutions, both horizontally and vertically. Horizontal interpolation of the ERA5 data with 0.5� horizontal resolution has

been done bi-linearly, to either the exact CESM2 latitude/longitude grid (Sect. 3.3.2) or to a uniform 1� latitude/longitude grid

(Sect. 3.4.1). Vertical interpolation is less straightforward and explained in Appendix B.

2.3 LagrangianT 0 decomposition

To quantify the advective, adiabatic and diabatic contributions to near-surface temperature anomalies during TX1day events in175

the two datasets we use the LagrangianT0decomposition of Röthlisberger and Papritz (2023c), which relies on the computation

of a large set of trajectories. The setup of these trajectories is the same for both datasets, as described above.

TheT0 decomposition is based on the thermodynamic energy equation formulated in terms of temperature anomalies,T0,

relative to a temperature climatologyT [hereafter referred to as the LagrangianT0 equation, Eq. 1 in Röthlisberger and Papritz

(2023c)]. The LagrangianT0 equation states that the material change ofT0 in an air parcel is the sum of four terms: (1)180

seasonalityT0, which arises from temporal changes inT (i.e., climatological diurnal and seasonal cycles) but is usually small

on the timescales over which near-surfaceT0 of heat extremes form; (2) advectiveT0, which isT0 arising from transport of

air across horizontal gradients ofT; (3) adiabaticT0, that is,T0 arising from vertical motion of air parcels; and (4) diabatic

T0, which isT0 generated through any physical process that changes the potential temperature of an air parcel. To decompose

anyT0 at locationx and timetX , one �rst computes the backward trajectory(x (t); t) of the air parcel located atx at timetX .185

Then, the LagrangianT0 equation is integrated along the trajectory(x (t); t) from the timetg whenT0 was last zero in that air

parcel. Hereafter, we refer totg as the “genesis time”. Formally, the decomposition ofT0 can thus be written as:

T0(x ; tX ) = �

t XZ

t g

@T
@t

d� �

t XZ

t g

vr h T d� +

t XZ

t g

�
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p

�
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�
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Herebyv andr h are the horizontal wind and horizontal gradient operator, respectively,p is pressure,� = 0 :286, ! is vertical

motion in pressure coordinates, and� is potential temperature (reference pressurep0 = 1000hPa).190

The temperature climatologies in CESM2 and ERA5 (TERA 5 andTCESM 2) are computed as in Röthlisberger and Papritz

(2023c), i.e., as a model-levelT-climatology that incorporates both the climatological diurnal and climatological seasonal

cycle, as well as the long-term warming trend. The subscriptsERA 5 andCESM 2 are hereafter omitted whenever possible

without loss of clarity. Speci�cally, at any time step,T is computed by averaging allT values from the same time of the

day in a 21-calendar-day window in a 9-year running window. For instance,T at 00 UTC on 15 July 1990 is thus computed195

by averagingT at all 00 UTC time steps for calendar days between 5 and 25 July in 1986–1994. For the �rst and last few

years of the study period, i.e., for 1980–1983 and 2016–2020,TERA 5 is computed from the years 1979–1987 and 2012–2020,

respectively, while for computingTCESM 2 in 9-year windows we use data from the years 1976–2024.

For ERA5 data we evaluate Eqn. 1 exactly as detailed in Röthlisberger and Papritz (2023c), but for CESM2 we employ a

slightly modi�ed de�nition of the anomaly genesis time,tg, as outlined in Appendix A, while keeping all other aspects of the200

method identical. This slightly modi�ed de�nition oftg in CESM2 only has a marginal effect on the results presented here, but

is mentioned for the sake of completeness.

Differences in TX1dayT0 between CESM2 and ERA5 (CESM2 minus ERA5) as well as differences in the respective

advective, adiabatic, and diabatic contributions are hereafter referred to as, e.g.,� T0, � advectiveT0, etc. Moreover, we

consider three spatiotemporal characteristics of temperature anomalies: their age, de�ned asA = tX � tg, the Lagrangian205

formation distance,D, de�ned as the great circle distance betweenx (tg) andx (tX ), and the net vertical displacement since

anomaly genesis,P = p(tX ) � p(tg).

3 Results

3.1 TX1day anomaly decomposition

We begin by examining global-scale patterns in the TX1dayT0 decomposition in ERA5 and CESM2 (Fig. 1). The qualitative210

patterns in the TX1dayT0 magnitude largely agree between ERA5 and CESM2 (Fig. 1a, b), with generally more intense

TX1day events over land than over ocean and the globally most intense TX1day events over Siberia, Canada, and southern

Australia. Also for the advective, adiabatic, and diabaticT0, the qualitative patterns agree between the two data sets and reveal

dominant advective contributions to TX1day events in stormtrack regions, considerable adiabatic contributions over subtropical

ocean regions as well as some extratropical land regions, and pronounced diabaticT0 over most tropical and extratropical land215

regions in both data sets (Fig. 1c–h).

Quantitatively, however, systematic discrepancies in both the magnitude ofT0 and the contributions from the different

processes to TX1dayT0 are found across the globe. Averaged globally, TX1dayT0 magnitudes are overestimated in CESM2

by 0.49 K (0.70 K when only considering land regions), while absolute values of the differences in� T0 are smaller than 1 K in

80% of all regions below 1500 m a.s.l. (Fig. 2a, Fig. 3c), they reach substantial values in some areas. For example, in western220

Russia and eastern Canada, TX1dayT0 in CESM2 exceeds the respective value in ERA5 by more than 3 K (Fig. 2a). Similarly,
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Figure 1. Global TX1dayT 0 decomposition for the period 1980–2020 in ERA5(a, c, e, g), taken from Röthlisberger and Papritz (2023c),

and in CESM2(b, d, f, h). Rows show (a, b) the TX1dayT 0, (c, d) advectiveT 0, (e, f) adiabaticT 0 and (g, h) diabaticT 0, respectively.

substantially more intense TX1day events in CESM2 are found over the eastern North Atlantic and North Paci�c, off the coast

of Namibia as well as in the seas south of Australia. Negative values of� T0 are far less widespread than positive values; they

are prevalent in the Southern Ocean and in few land regions including the western United States (Fig. 2a).
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Figure 2. Climatological differences (CESM2 minus ERA5, for period 1980–2020) in TX1dayT 0 and its contributions. Panels show(a)

� T 0, (b) � advectiveT 0, (c) � adiabaticT 0, and(d) � diabaticT 0. Stippling in all panels indicates that the respective ERA5-value lies

within the range of the respective values from the four CESM2 ensemble members.

Considering differences between CESM2 and ERA5 in the three contributions to TX1dayT0 over land, they are particularly225

large for the adiabatic and diabaticT0 (Figs. 2 and 3a), also in regions where� T0 magnitudes are modest, e.g., in Europe,

vast parts of Africa and Australia. Over almost all land regions, the adiabaticT0 is considerably smaller in CESM2 compared

to ERA5 (Fig. 2c). Averaged across all land regions with altitudes below 1500 m a.s.l. in CESM2, the adiabaticT0 in CESM2

(1.69 K) is less than half that in ERA5 (3.45 K), while the diabaticT0 in CESM2 (4.61 K) is much larger than in ERA5

(2.48 K, Fig. 3a). Furthermore, in regions of complex topography, there is poor quantitative agreement between the two datasets230

regarding the TX1dayT0 composition. This, however, is an expected result, as the topography is less well resolved in CESM2,

with signi�cant effects on trajectories of near-surface air parcels.

Also over ocean regions, systematic differences in the TX1dayT0 composition are apparent between the two data sets. Av-

eraged across all ocean regions, CESM2 TX1day events feature� 0:29K diabaticT0, compared to� 1:21K in ERA5 (Fig. 3b).

Furthermore, in several subtropical and tropical ocean regions (in particular the tropical Paci�c), there are larger negative ad-235

vective contributions to CESM2 TX1day events compared to those in ERA5 (Fig. 2b). In the tropical Paci�c, the more intense

negative advective contributions in CESM2 are offset in part by more positive adiabaticT0. Note, however, that both the mag-

nitude of TX1dayT0 as well as its difference to ERA5� T0 is small over tropical ocean regions. Interestingly, advectiveT0 is

9



Figure 3. Climatological results for the period 1980-2020 of(a, b) TX1day T 0 decomposition in CESM2 (light blue) and ERA5 (blue)

spatially aggregated over (a) land areas below 1500 m above sea level (m a.s.l., CESM2 topography) and (b) ocean regions.(c) shows

differences (CESM2 minus ERA5) as a function of the magnitude of� T 0. All ocean and land grid points below 1500 m a.s.l. have been

binned into ten bins with equal area according to the magnitude of� T 0 (area deciles), from (left) the decile with the smallest to (right) the

decile with the largest magnitude of� T 0. Colored lines depict the differences in TX1dayT 0 and its decomposition, averaged for each area

decile.
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overestimated mainly in regions where the general amplitude of TX1dayT0 is also overestimated (e.g., over eastern Canada

and southern Australia; Fig. 2a, b).240

Figure 3c, which shows differences of theT0 composition as a function of the magnitude of� T0, reveals some additional

interesting aspects. Consistent with the previous discussion, differences in advectiveT0 are positive at the grid points with the

largest differences� T0, and they are negative at grid points where� T0 is small. At these grid points the negative differences

in advectiveT0 is mainly balanced by positive differences in diabaticT0. Interestingly, the average differences in diabaticT0

are fairly independent of� T0 (�at orange curve in Fig. 3c). In contrast, the differences in adiabaticT0 are always negative but245

strongly increases in magnitude at grid points with larger� T0, compensating the differences in diabaticT0 at the grid points

with the largest values of� T0.

3.2 Spatiotemporal characteristics of TX1day anomalies

Next we consider the temporal, horizontal, and vertical scales over which near-surface TX1day anomalies form in the two

data sets, by examining the Lagrangian characteristics age,A , formation distance,D, and vertical displacement since anomaly250

genesis,P (Figs. 4 and 5). The large-scale patterns inA andP largely agree between the two data sets, in particular for TX1day

events over land. Oldest TX1day anomalies are found in both data sets over western Russia, Greenland, and in subtropical

anticyclones (Fig. 4a, d). However, in particular for TX1day events in the tropical Paci�c, CESM2 substantially overestimates

A (by up to 4 d, while in ERA5A in these regions is typically less than 3 d, Figs. 5a and 4a, b). Nevertheless, over land regions,

A differences are typically less than 10 h and the spatial patterns inA agree remarkably well between the two data sets (Fig. 4a,255

b). Similarly, also the spatial patterns inP agree very well (Fig. 4e, f), with globally largestP in the Mediterranean region

and around major orography. Quantitatively, however, CESM2 systematically underestimatesP, in particular over land regions

(Fig. 5c), asP is 40 hPa in ERA5 and only 13 hPa in CESM2 when averaging across all TX1day events occurring at land grid

points below 1500 m a.s.l. in the CESM2 topography. That is, air parcels contributing to TX1day events in CESM2 subside

less after anomaly genesis than their counterparts in ERA5, which points to a different combination of physical mechanisms260

leading to heat extremes in CESM2 compared to ERA5.

Furthermore, for the formation distanceD, considerable differences are apparent already in its large-scale patterns (Fig. 4c,

d). Over vast tropical and subtropical ocean regions,D in CESM2 exceedsD in ERA5 by more than 1000 km (Fig. 5b), which

in many regions constitutes a difference of more than 100%. That is, while in ERA5 TX1dayT0 over tropical and subtropi-

cal oceans form over hundreds to typically less than 1500 km, the CESM2 TX1dayT0 in the same region form over several265

thousand kilometers. Hereby, the overestimation inD is particularly large for TX1day events in the tropical Paci�c, in agree-

ment with the overestimation of the age,A , in this region (Fig. 5a, b). Clearly, these large discrepancies in the spatiotemporal

characteristics of TX1dayT0over tropical and subtropical oceans are worrying and warrant further investigation. Nevertheless,

note that over land regions the patterns ofD are qualitatively similar in the two data sets, and they even quantitatively rarely

differ by more than 250 km. Moreover, over land even comparatively small-scale spatial variations inD are often reproduced,270

e.g., in Spain, where TX1day events featureD of less than 1000 km in both data sets, while in ScandinaviaD typically exceeds

1500 km.
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