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ATMOSPHERIC SCIENCE

Three-way circulation-soil moisture-temperature
feedbacks amplify the most extreme mid-latitudinal

heat waves

Yinglin Tian'*, Jiangong Liu*3, Yu Huangz, Pierre Gentine?, Kai Kornhuber*®

The most extreme heat waves are intensifying faster than moderate events across many mid-latitude regions. Cli-
mate models underestimate these trends, suggesting an incomplete representation and understanding of the un-
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derlying physical processes. Here, we use an explainable machine-learning framework to investigate interactions
among atmospheric circulation, surface soil moisture, and temperature, and their role in recent heat extremes. We
show that a three-way interaction among these components becomes active once a critical temperature threshold is
exceeded, contributing, on average, ~10% to peak temperature anomalies during the most extreme heat events
across ~28% of humid mid-latitude regions. We further reveal that this interaction is systematically underestimated
in CMIP6 and CESM2 Large Ensemble simulations. Soils in climate models are too dry at the initiation of heat waves,
therefore suppressing subsequent soil-moisture depletion and inhibiting feedback activation. These findings help
explain regional model biases in upper-tail warming and highlight avenues for improving future projections of ex-

treme heat events.

INTRODUCTION
Mega heat waves have become increasingly frequent and intense in
recent decades, shattering local temperature records by unprecedent-
ed margins and causing widespread societal and ecological disruption
(1, 2). Notable examples include the 2003 European heat wave, which
exceeded previous records by +2.4°C (3), the 2010 Russian event
(4+2.5°C) (4), the 2021 Pacific Northwest (PNW) heat wave (+4.6°C)
(5, 6), and multiple severe episodes during 2022-2023 across the UK,
South America, Africa, and Asia (7, 8). These events overwhelmed
local adaptation capacities, causing more than 70,000 excess deaths in
Europe in 2003 (9) and 60,000 in 2022 (10), alongside substantial im-
pacts on ecosystems (11), agriculture (12), air quality (6), infrastruc-
ture (13), and economic activity (14). A critical scientific question is
therefore raised: Are record-shattering heat waves merely statistical
outliers in a warming climate, or do they reflect specific nonlinear
processes that disproportionately intensify under global warming?
Beyond the rise in mean temperature that increases the likelihood
of heat extremes (15), recent studies report a disproportionate accelera-
tion of the most extreme temperatures relative to moderate heat events
in certain regions (16, 17), particularly over western Europe (18, 19),
while signals are less conclusive at global or hemispheric scales (20).
This spatial heterogeneity suggests that changes in mean tempera-
ture alone cannot fully explain the observed regional intensification of
record-breaking heat waves (21, 22). A theoretical framework combin-
ing surface energy balance and evaporative fraction (EF) has been
proposed to explain this nonlinear intensification, identifying net ra-
diation and surface evaporative partitioning as two primary drivers
(20, 23). These two drivers are further linked to persistent anticyclonic
flow anomalies (21, 24) and strong land-atmosphere coupling (25),
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respectively. Regarding the latter, positive feedbacks between surface
soil moisture and near-surface air temperature have been widely em-
phasized (25-30), that is, soil drying suppresses evaporative cooling,
enhances sensible heat fluxes, and thus amplifies surface warming.

While soil moisture-temperature coupling is an established land-
atmosphere mechanism in the context of extreme heat waves in cur-
rent (27) and future climates (25), a potential three-way interaction
among mid-tropospheric circulation (referred to as Z500), surface
soil moisture (SM), and temperature (T), as highlighted during 2021
PNW heat wave (5), has not yet been systematically investigated
across regions or events. Often, atmospheric circulation is treated
solely as an external trigger of hot and dry conditions, rather than as a
component that responds to land-surface anomalies (25). However,
evidence from the 2003 and 2010 European heat waves indicates that
soil drying can modify boundary-layer dynamics (31, 32), pointing to
a closed, positive Z500-SM-T feedback loop. Such a nonlinear multi-
way interaction could help explain why exceptional heat waves can
occur even when both Z500 and SM anomalies are individually less
extreme than the resulting temperature anomaly (1). In the context of
the 2021 PNW heat wave, Bartusek ef al. (5) further hypothesized a
nonlinear behavior of the Z500-SM-T interaction and estimated it to
contribute 40% of the corresponding exceptional heat. Yet, a compre-
hensive and quantitative assessment across multiple events and spatial
scales remains lacking. Consequently, it remains unknown whether
such nonlinear three-way interactions are a general feature of ex-
treme heat, whether they preferentially emerge in particular climate
regimes, and whether current climate models adequately capture the
related processes.

Here, we address these questions using an explainable artificial in-
telligence (XAI) framework (Fig. 1) to diagnose nonlinear interac-
tions among atmospheric circulation, soil moisture, and temperature
across mid-latitude summer heat waves. Rather than relying on ex-
plainable machine learning (ML) alone, we integrate complementary
algorithmic, statistical, and physical validations to evaluate the robust-
ness and physical credibility of the diagnosed interactions. We show
that the Z500-SM-T interaction is regionally threshold-activated: It
remains weak below a critical temperature but becomes self-amplifying
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A Conceptual schematic: nonlinearity of interactive contributions for heat waves in the mid-latitudes
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Fig. 1. Conceptual schematic of the nonlinearity of the land-atmosphere interaction during the mid-latitude heat waves and the XAl framework. (A) Three differ-
ent states during the evolution of heat waves in the mid-latitudes that vary by the temperature anomaly magnitude. The “H’, thermometer, and landscape icons indicate
circulation, temperature, and soil moisture, respectively. Curved arrows indicate the direction of influence. (B) Overview of the explainable artificial intelligence (XAl)
framework. A gradient boosting regression (GBR) model is trained using ERA5 and ERA5-Land reanalysis, with 3-day-mean daily maximum temperature (7) as the target
variable and mid-tropospheric circulation [500-hPa geopotential height (Z500)] and near-surface soil moisture (SM) as predictors. Shapley additive explanations (SHAP)
are then applied to decompose each predicted temperature anomaly into additive contributions from atmospheric circulation (Czs), land-surface conditions (Csy), and
their nonlinear interaction (Cinteract), thereby separating the interactive contribution from the direct effects of the individual drivers. 3d-mean, 3-day mean; JJA, June, July,
and August. (C) Diagnosis of threshold-activated nonlinear amplification. The interaction contribution (Cinteract) is related to temperature using segmented regression.
Nonlinearity is quantified by the difference in Akaike information criterion (AIC) between segmented and linear regressions (AAIC). For locations exhibiting robust non-
linear behavior, the critical temperature (T) separating muted and activated interaction regimes and the activated-regime slope (m,) are used to characterize the onset
and strength of nonlinear amplification. (D) Multilevel validation strategy for the proposed XAl framework from three complementary perspectives: (i) Algorithmic repro-
ducibility assesses robustness across observational datasets, ML algorithms, prediction directions, and predictor configurations; (ii) statistical robustness evaluates the
stability of the diagnosed nonlinear behavior using complementary statistical tests, including bootstrap resampling, likelihood-ratio tests, breakpoint slope significance
tests, and the sample-size-independent Cohen's £ test; (iii) independent physical validation compares the XAl-diagnosed interaction with physically independent evi-
dence from independently diagnosed soil-moisture thresholds, evaporative regime transition diagnostics, surface energy-balance analysis, and prescribed land-condition
experiments from LFMIP experiments.

once a threshold is exceeded. This mechanism is prevalent across hu-
mid mid-latitude regions, where Z500-SM-T interactions are associ-
ated with the disproportionate intensification of the most extreme
heat waves relative to moderate events. Moreover, these nonlinear in-
teractions are consistently underestimated in current climate models,
likely contributing to some of the most pronounced underestimations
of extreme-heat trends globally. By further diagnosing the physical
origins of this bias, we find that overly dry soil conditions at heat-wave
onset suppress subsequent soil drying and feedback activation in
models, implying that current projections may substantially underes-
timate the future intensification of the most extreme heat waves in re-
gional hot spots.

Tian et al., Sci. Adv. 12, eaeh9111 (2026) 6 November 2026

RESULTS

An explainable ML framework with multilevel validation

To investigate the dynamics of the most extreme heat waves, we develop
an XAI framework that combines decision-tree-based ML with inter-
pretable feature attribution to diagnose nonlinear interactions (Fig. 1).
Compared with conventional statistical or process-based approach-
es, the XAI method captures nonlinear interactions directly from
observations without imposing predefined functional forms while pro-
viding event-level attribution of the atmospheric, land-surface, and in-
teractive contributions to extreme temperature anomalies (33-36). We
focus on two well-established drivers of extreme heat in the extratropics
(fig. S1) (1, 5, 21-23, 30): mid-tropospheric high-pressure anomalies,
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represented by 500-hPa geopotential height (Z500), and near-surface
soil moisture (SM). Z500 anomalies characterize variations in large-
scale anticyclonic circulation and promote surface warming by en-
hancing incoming solar radiation and adiabatic heating associated
with subsiding air masses (37, 38), hereafter referred to as the direct
contribution of circulation to temperature (C,5,,). SM anomalies
quantify variations in land-surface water availability and modulate
temperature by conditionally regulating evapotranspiration, thereby
altering the partitioning of net radiation into latent versus sensible
heat fluxes (25-28), hereafter referred to as the direct contribution of
soil moisture to temperature (Cgy;). When soil moisture is depleted
and temperature reaches a sufficiently high level, the two drivers rein-
force each other through a positive multivariate interaction: high-
pressure systems intensify surface heating and soil drying, which, in
turn, modifies surface energy partitioning and boundary-layer dy-
namics, enhancing upper-level blocking (fig. S1) (31, 32). This non-
linear reinforcement manifests as the three-way circulation-soil
moisture-temperature interaction (Fig. 1A), quantified as the Z500-
SM-T interaction contribution (Cerac)-

The framework consists of two sequential steps (Fig. 1, B and C).
First, a gradient boosting regression (GBR) model is trained using
ERA5 and ERA5-Land reanalysis (1979-2023) (39, 40), with the
3-day-mean daily maximum temperature (T,) as the target and Z500
and SM as predictors (Fig. 1B; see Materials and Methods). We then
apply Shapley additive explanations (SHAP) (41, 42) to decompose
predicted T, anomalies into additive contributions from Cy50, Coppo
and their interaction Cy.,,> defined as the component of the predic-
tion that arises only when Z500 and SM act jointly (see Materials and
Methods). In the second step, segmented regression is applied to
quantify whether the interaction contribution exhibits threshold-
dependent behavior during heat waves (Fig. 1C; see Materials and
Methods). Nonlinearity is evaluated using the difference in Akaike
information criterion (AIC) between segmented and linear regres-
sions (A AIC) (43, 44), with AAIC < -2 reflecting a conservative
preference for the segmented model. For locations satisfying this cri-
terion in 99% of annual-replacement bootstrap realizations (see Ma-
terials and Methods), we further characterize the interaction using
two key metrics: the critical temperature (T) separating muted and
activated regimes, and the activated-regime slope (m,), which quanti-
fies the amplification rate beyond the threshold.

To establish confidence in the proposed XAI framework, we im-
plement a hierarchical validation framework that evaluates the di-
agnosed nonlinear interaction (Fig. 1D). Rather than relying on
a single diagnostic, each validation level addresses a distinct source
of uncertainty, collectively evaluating the algorithmic reproducibility
of the threshold-activated interaction, the statistical robustness of
the nonlinearity diagnostics, and the physical consistency of the
proposed land-air multivariate interaction. Accordingly, we orga-
nize the validation into three complementary levels:

1) Algorithmic reproducibility. We evaluate whether the diag-
nosed interaction depends on the observational dataset, ML algo-
rithm, prediction direction, or predictor configuration by repeating
the analyses using the independent E-OBS observational dataset
(45), the XGBoost algorithm, reversed prediction direction with
temporal lag between predictors and target variable, and expanded
predictor sets including relative humidity (RH) and surface wind
speed (see the “Algorithmic robustness across datasets, ML algo-
rithms, and prediction directions” and “Robustness to predictor se-
lection” sections).

Tian et al., Sci. Adv. 12, eaeh9111 (2026) 6 November 2026

2) Statistical robustness. We assess the robustness of the diag-
nosed threshold-dependent behavior using complementary statis-
tical approaches, including bootstrap resampling, likelihood-ratio
tests (46), segmented slope-difference tests (47, 48), and the sample-
size-insensitive metric Cohen’s f2 (49) (see the “Statistical robust-
ness of nonlinearity assessment” section).

3) Physical consistency. We compare the XAI-diagnosed interac-
tion with well-established land-atmosphere diagnostics, including
independently diagnosed critical soil moisture (50), evaporative-
regime transition assessment (31), surface energy-balance attribution
(51), and prescribed land-condition experiments from Land Feed-
back Model Intercomparison Project (LFMIP) (52) (see the “Inde-
pendent physical diagnostics” section).

Threshold-dependent behavior of the
Z500-SM-T interactions
To interpret the Z500-SM-T interactions and their threshold-
dependent behavior diagnosed by the XAI-nonlinearity framework,
we begin with Central Europe (CEU), a well-established heat-wave hot
spot that has experienced some of the strongest observed increases in
extreme summer temperatures (1, 16-19, 23, 24). At the peak of the
2022 CEU heat wave (Fig. 2A), a recent record-breaking event, the
7500-SM-T interaction term (Cpepace) accounts for 13% [Ciperact /
(Czsoo +Coy + Clmemct)] of the predicted temperature (Tx) anomaly
(Fig. 2B; see Materials and Methods). By comparison, the direct con-
tributions from Z500 (Cys,,) and SM (Cgy,) contribute to 55 and 32%,
respectively. Across the temperature peaks of the 10 strongest CEU
heat waves over the past 45 years (1979-2023), the mean relative con-
tributions are 65% from Z500, 25% from SM, and 10% from their in-
teractions (fig. S2). Notably, C .ot increases sharply during the
hottest phases of heat-wave evolution, particularly near temperature
peaks (fig. S3), suggesting a threshold-dependent behavior. To quan-
tify this behavior, we regress Ci, oot @gainst T, and find that a seg-
mented regression provides a statistically better description than a
linear regression (Fig. 2C), with A AIC, ;... = —23.2 [99% confidence
interval (CI) from annual-replacement bootstrapping: —33.6 to —16.1;
see Materials and Methods]. The nonlinearity of the direct contribu-
tions (Cys50 and Cgyy) is comparatively lower, with A AIC,5,, = 0.1
(99% CI: =2.6, 2.3) and A AICg; = —2.9 (99% CI: —6.9, 1.2) (fig. $4).
Using a deliberately conservative criterion that requires the entire 99%
bootstrap CI to satisfy A AIC < —2, robust nonlinearity is retained
exclusively for the interaction contribution. This segmented relation-
ship between Cy, ... and T, identifies a critical temperature threshold
(T. = 298.1K), corresponding to 3.8 K above the multiyear summer
mean. Once this threshold is exceeded, Cy, ., intensifies at the rate of
0.10 KK, hereafter referred to as the activated-regime slope (11, ;eract
or m, for simplicity, as only Cy ... Shows robust nonlinearity), indi-
cating a transition from a muted to an activated interaction regime.
The diagnosed threshold behavior of the interactive term is ro-
bust across complementary validation analyses from both algorithmic
and statistical perspectives (figs. S4 to S9; see Materials and Methods).
The segmented relationship of C, erace — T is consistently reproduced
across independent observational datasets, ML algorithms, reversed
prediction directions with the temporal lag between predictors and
target variable, and expanded predictor configurations including sur-
face wind speed and RH (figs. S4 to S8; see Materials and Methods).
Independent statistical assessments further support the segmented
relationship (fig. S9; see Materials and Methods). Comparable num-
bers of observations occur below and above the identified threshold,
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Fig. 2. Role of Z500-SM-T interactions in amplifying the most extreme heat waves in Central Europe. (A) Spatial distribution of anomalies of the 3-day-mean daily
maximum temperature (T,) at the peak of the 2022 Central European (CEU) heat wave, relative to the 1979-2023 calendar climatology. (B) XAl model attribution during
the 2022 CEU heat-wave period, showing observed (dashed) and predicted (solid) T, anomaly and their decomposition into contributions from mid-tropospheric geopo-
tential height (Czs,, blue), surface soil moisture (Csy,, orange), and their interactions (Cyerace PUrple). The heat-wave period is defined as days with positive observed T,
anomaly before and after the heat-wave peak (yellow horizontal span; see Materials and Methods). HW, heat wave. (C to E) Regression analyses over 1979-2023 summers:
(C) segmented and linear regression between C,orace and T, during all heat-wave periods; (D) segmented regression between surface soil moisture (SM) and EF during all
dry-down periods (see Materials and Methods); (E) linear regression between the upper tail width of temperature distribution (T, gg st — Ty, 754) and the mean Cjyerac dur-
ing heat-wave periods, with both axes calculated using a 5-year moving window and subsequently detrended and normalized. In (C) to (E), contours indicate the kernel
density estimation (levels from 0.1 to 0.9) and shaded envelopes denote the 99% confidence interval (Cl) of the fitted regression (see Materials and Methods); A AIC and
A R? represent performance differences between the segmented and linear regression, with 99% Cls (LCl — UCI); T,,,.,, denotes the multiyear mean summer T,; T, is the
critical temperature separating muted and activated interaction regimes; m, is the activated-regime slope of the Cp ieract — T relationship; and SM_ is the critical soil-
moisture threshold marking the transition from energy- to water-limited evaporation. 3d-mean, 3-day mean.

indicating that the detected transition is not driven by sample im- To understand the physical origin of the identified threshold, we
balance. Bootstrap resampling further confirms the stability of the =~ compare the XAI diagnosis with three independent lines of physical
estimated threshold and segmented relationship, demonstrating  evidence (Fig. 1C). First, an independently diagnosed critical soil-
that the results are not unduly influenced by a small number of  moisture threshold (SM. = 0.31 m’ m™>) is identified from the tran-
exceptional heat waves. Last, likelihood-ratio tests (46) and seg- sition between energy-limited and water-limited evaporation using
mented slope-difference tests (47, 48) consistently favor the seg-  the relationship between EF and soil moisture during summertime
mented model over the linear alternative (both P < 0.01; see Materials ~ dry-down periods (Fig. 2D; see Materials and Methods) (50). The
and Methods). independently derived T. and SM_ intersect when projected onto the
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linear summer-wide relationship between temperature and soil mois-
ture (fig. S10). Consistently, potential evaporation anomalies in-
crease more rapidly beyond T, whereas actual evaporation continues
at a similar or reduced rate (fig. S10), indicating a shift in surface
energy partitioning toward enhanced sensible heating and activa-
tion of land-atmosphere interactions (31, 32). Second, decomposi-
tion based on the surface energy balance (51) reproduces the relative
magnitudes of the atmospheric and land-surface contributions di-
agnosed by SHAP (fig. S11; see Materials and Methods), providing
physical support for the marginal contributions. Last, we perform
an independent process-based assessment using the prescribed-
soil-moisture simulations from LEMIP-pdLC experiment (52). Ap-
plying the XAI framework to the LEFMIP-pdLC simulations reveals
a substantially weakened interaction together with greatly dimin-
ished evidence for its threshold-dependent behavior (fig. S12; see
Materials and Methods). Collectively, these independent physical
diagnostics provide evidence that the identified threshold-activated
interaction reflects a physically meaningful land-atmosphere feed-
back rather than statistical covariance alone. At the same time, none
of these physical approaches can explicitly separate the nonlinear
interaction from the direct effects of atmospheric circulation and
soil moisture, highlighting the unique capability of the XAI frame-
work to isolate and quantify the multivariate interaction.

Under continued warming, the upper tail of the summer tempera-
ture distribution in CEU broadens substantially, quantified as the dif-
ference between the 99.5th and 75th percentiles using a 5-year moving
window (fig. S13). During the same period, the exceedance probabil-
ity of the identified critical temperature increases from 6% (1979-
1983) to 23% (2018-2022), closely tracking the rising probability of
SM falling below SM,.. Consequently, an increasing fraction of sum-
mer days operates within the activated interaction regime, accompa-
nied by a significant strengthening of Cy, ;.. during heat waves (P <
0.01) and a 25% expansion of regions exhibiting nonlinear interac-
tions during 2004-2023 relative to 1979-1998 (figs. S14 and S15). We
show that the mean interaction contribution during heat-wave peri-
ods explains a substantial fraction of the interannual variability in the
upper-tail width of the summer temperature distribution [coefficient
of determination (R?) of 0.36, P < 0.01; Fig. 2E], exceeding the ex-
planatory power of either the direct circulation contribution (R* of
0.14) or the direct soil-moisture contribution (R* of 0.30; fig. S14).

Three-way interactions amplify the most extreme heat
waves across humid mid-latitudes when passing

critical thresholds

Beyond CEU, extreme summer temperatures have intensified across
many mid-latitude regions, at a faster rate than the moderate heat
events (1, 16, 17). Extending our regional analysis to mid-latitudes,
we identify widespread but spatially heterogeneous threshold-activated
7Z500-SM-T interactions during summer heat-wave periods over
1979-2023 (Fig. 3A). Under a conservative model-selection criterion
(AAIC < —2), ~15% of mid-latitude land areas exhibit robust non-
linear interactions. These hot spots are concentrated in Central and
Eastern Europe, southern Russia and Mongolia, eastern and north-
western North America, northwestern India, the western coast of
South America, central and southern Africa, and northern interior
Australia. Within regions exhibiting robust nonlinear interaction
(AAIC, oot < —2, confirmed in >99% of annual-replacement boot-
strap realizations; figs. S16 and S17; see Materials and Methods), the
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Z500-SM-T interaction contributions account for a nonnegligible
fraction, on average, 10%, of peak T, anomalies during the heat-wave
events (fig. S18). The diagnosed critical temperature threshold averages
4.0 + 1.6 K (spatial mean + SD) above the local summer climatology,
closely corresponding to independently diagnosed critical soil-moisture
thresholds of ~0.32 m®> m™> (fig. S19). Above this threshold, Z500-
SM-T interaction strengthens rapidly, with an activated-regime slope of
m,= 0.1 +0.04 K K" (spatial mean + SD; Fig. 3B), whereas the direct
circulation and soil-moisture contributions remain largely linear
across the mid-latitudes (fig. S20). Moreover, regions exhibiting ro-
bust threshold-activated interactions coincide with areas showing the
largest increases in the most extreme temperatures (1-in-200-year
T,), quantified by the 99.5th-percentile summer temperatures during
2003-2023 relative to 1979-1999 (Fig. 3C), especially over the Northern
Hemisphere mid-latitudes (40°N to 60°N) (Fig. 3D).

To understand the climatic controls on this spatial variability, we
stratify both extreme-temperature changes and interaction character-
istics according to the aridity index [AI = actual/potential evapotrans-
piration; (53)] across the Northern Hemisphere mid-latitudes. Only
grid points where the ML model reliably reproduces local temperature
variability (RiAL > 0.6, see Materials and Methods) are included. Humid
regions (AI = 0.65 to 1.0) exhibit both the largest increases in upper-tail
temperatures (Fig. 4A) and the strongest nonlinear interactions (Fig. 4B),
with around 28% of humid land areas exhibiting threshold-dependent
behavior under the conservative criterion (table S1). Alternative model-
selection criteria, bootstrap resampling strategies, likelihood-ratio tests,
segmented slope-difference tests, Cohen's f* test consistently identify
similar hot spot regions (figs. S16 and S17; see Materials and Methods).
Depending on the statistical criterion adopted, 15 to 30% of humid
mid-latitude land areas exhibit robust threshold-activated interactions
(table S1), demonstrating that the identified spatial pattern is insensitive
to statistical methodology.

This spatial pattern reflects contrasting soil-moisture dynamics
across climate regimes. Although the critical temperature threshold
remains relatively constant across climate regimes (~4 K above the
local climatology), the activated-regime slope varies systematically
with aridity, reaching its maximum in humid regions before progres-
sively weakening toward drier climates (Fig. 4C). In humid environ-
ments, evapotranspiration is typically energy-limited under normal
summer conditions but shifts abruptly to water limitation following
intense soil-moisture depletion during prolonged heat waves (54).
Consequently, humid regions experience the most rapid and pro-
nounced soil-moisture decline during heat-wave evolution, with a
spatially averaged reduction of 1.4 SDs within ~12 days, thereby lead-
ing to a stronger interaction activation once the threshold is exceeded
(Fig. 4D and fig. S21). As a result, the relationship between the ex-
ceedance frequency of the diagnosed critical temperature and upper-
tail temperature widening is strongest in humid climates (Fig. 4E).
Across mid-latitude humid regions, the upper-tail width of summer
temperature distributions has increased significantly over time (P <
0.05), with ~20% of its interannual variance associated with the
strength of the Z500-SM-T interaction during heat-wave periods
(R* = 0.2, P < 0.01; Fig. 4F). In comparison, analogous associations
with the direct Z500 and SM contributions are substantially weaker
(R* = 0.11 and 0.03, respectively; fig. $22). These results suggest that
ongoing warming increasingly shifts summer temperatures into a re-
gime where nonlinear land-atmosphere interactions preferentially
amplify the most extreme heat events in humid mid-latitudes.
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Underestimation of three-way interactions in models linked
to biased soil-moisture dynamics

Given the strong observational evidence that the threshold-activated
7500-SM-T interactions amplify the most extreme heat waves, espe-
cially in humid mid-latitude regions, we assess whether climate
models can reproduce these dynamics. This evaluation is critical for
understanding the credibility of future extreme-heat projections. We
analyze simulations from 12 CMIP6 models alongside a 40-member
CESM2 Large Ensemble (CESM2-LE2) (55, 56), with the ML model
separately trained on each CMIP6 and CESM2-LE2 simulations (see
Materials and Methods). Our analysis reveals that CMIP6 models
consistently underestimate the regional nonlinearity of Z500-SM-T
interactions relative to ERA5 (Fig. 5, A and B). Across the hot spots

Tian et al., Sci. Adv. 12, eaeh9111 (2026) 6 November 2026

identified in observations (fig. S16; see Materials and Methods),
more than 90% of CMIP6 models fail to reproduce the observed
regime-shifting behavior (Fig. 5A and fig. S23), with the magni-
tude of A AIC, .., undervalued by 93 + 10% (model mean + SD)
(fig. S24). Although models generally capture the critical tempera-
ture threshold T, they substantially underestimate the activated-
regime slope m,, with mean reductions of 69 + 10% (Fig. 5B and
fig. S24). Analysis of the CESM2-LE2 ensemble confirms that this
bias is structural rather than driven by internal variability: the ob-
served activated-regime response lies entirely outside the model
range even considering the ensemble range (Fig. 5B).

Regions where models underestimate interaction nonlinearity
also show underestimated increases in T, gq 5, (Fig. 5C). To attribute
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locations with RfAL > 0.6 are taken into account for all panels.

model biases in extreme-temperature trends to individual contribu-
tors, we compare the temperature sensitivity of each contribution
(Mz500> Mgy AN 12, 41 ) in CMIP6 models against ERAS (Fig. 5D;
see Materials and Methods). Mid-latitude grid points with reliable
ML performance (R?,;; > 0.6) are grouped into nine categories on
the basis of model bias in simulated changes of T, g9 5y, ranging
from strong underestimation (—4.5 to —3.5 K) to strong overestima-
tion (+3.5 to +4.5 K). These categories are defined separately for
each model, with their areal fractions shown in the histogram of
Fig. 5D. Results indicate that CMIP6 models exhibit no systematic bias
in the response of mid-tropospheric geopotential height (11,5,,), show-
ing the largest intermodel spread for this contributor. By contrast,
the soil-moisture response (mg,,) tends to be underestimated when
averaged across the mid-latitudes, although this bias does not ex-
hibit strong intermodel agreement. While the magnitude of the

interaction bias (11, i erac) is smaller than that of the soil-moisture

Tian et al., Sci. Adv. 12, eaeh9111 (2026) 6 November 2026

bias when averaged over all mid-latitudes, the interaction term shows
a unique behavior: an underestimation of the interaction is found
specifically where heat-wave trend biases are largest (—4.5 to —1.5 K).
Over these locations, we find a ~90% intermodel agreement in the
sign of the interaction bias (see hatched envelope in Fig. 5D). This
pattern indicates that Z500-SM-T interaction plays an important role
in shaping model biases in the most extreme heat regimes, likely
linked to deficiencies in simulated soil-moisture dynamics. Neverthe-
less, the substantial intermodel spread, particularly in the circulation
and soil-moisture responses, and the presence of regions with exces-
sive warming underscore the need for further investigation using
process-based diagnostics and more model-specific analyses.

To diagnose the physical origin of this bias, we examine soil-
moisture dynamics during heat waves, focusing on CEU where
observed regime shifts are pronounced but poorly represented in mod-
els (Fig. 6A). In ERAS5, soil moisture at heat-wave onset averages
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~0.30 m’> m~ and declines rapidly at a rate of ~2.4% day™' (quanti- DISCUSSION

fied via evaporative efficiency Egp; see Materials and Methods). CMIP6
models instead simulate drier initial conditions (~0.20 + 0.03 m®> m™>;
model mean + SD; fig. S25) and a slower subsequent drying rate
(1.4 + 0.7% day; Fig. 6B). Across models, slower soil-moisture
decline rates are associated with weaker interaction nonlinearity
(A AIC, eract) [correlation coefficient (r) = —0.65, P = 0.02; Fig. 6C]
and reduced activated-regime slopes m, (r = 0.71, P < 0.01; fig. S25).
In addition, soil-moisture decline rates correlate positively with ini-
tial soil moisture at heat-wave onset (r = 0.62, P = 0.02; Fig. 6D),
indicating that overly dry starting conditions impose strong water

limitations on subsequent evaporation.

Tian et al., Sci. Adv. 12, eaeh9111 (2026) 6 November 2026

Using an explainable ML framework, we identify a three-way inter-
action among atmospheric circulation, soil moisture, and surface air
temperature that becomes active beyond critical temperature and
soil-moisture thresholds and specifically contributes to the magni-
tude of the most extreme heat waves across humid mid-latitude re-
gions. Across the identified hot spots, this interaction contributes
~10% of peak heat-wave intensity. It becomes active once tempera-
ture exceeds a critical threshold of ~4 K above the local summer
climatology, corresponding closely to an independently diagnosed
critical soil-moisture threshold of ~0.32 m”> m™. Under continued
warming, exceedance of this threshold has become increasingly
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Fig. 6. Premature soil drying and overly slow subsequent drying contribute to the underestimation of nonlinear Z500-SM-T interaction in climate models.
(A) Nonlinear relationship between the Z500-SM-T interaction (Cieract) @nd local temperature (T,) during summer heat-wave periods (1979-2023) over CEU, shown for
ERA5 and 12 CMIP6 models. 3d-mean, 3-day mean. (B) Soil-moisture decline rate within 21 days following heat-wave onset (1979-2023) in ERA5 and 12 CMIP6 models
over CEU (see Materials and Methods), calculated assuming a common observed initial soil moisture at heat-wave onset. In (A) and (B), gray lines show CMIP6 multimodel
mean and shaded envelopes indicate intermodel variability (+1 SD). (C and D) Intermodel relationships during summer heat-wave periods (1979-2023) over CEU: (C) re-
gression between the soil-moisture decline rate within 21 days after heat-wave onset (E¢;) and nonlinearity of the Z500-SM-T interaction (A AIC,erat); (D) regression be-
tween the initial soil moisture at heat-wave onset (SM,) and the subsequent 21-day soil-moisture decline rate (E¢;). The adjusted CMIP-mean represents the value estimated
from the intermodel regression across CMIP6 models, using the corresponding ERAS value as the predictor.

frequent, allowing more summer days to enter the activated interac-
tion regime. Consequently, the nonlinear interaction explains ~20%
of the observed upper-tail widening of summer temperature distri-
butions across humid mid-latitudes and up to 36% in CEU, where its
spatial extent has expanded by 25% over recent decades.

One of the principal conceptual advances of this study is extending
the well-established pairwise soil moisture-temperature framework
(25, 26) to a threshold-activated three-way interaction among atmo-
spheric circulation, soil moisture, and temperature that is consistently
observed across heat-wave events and regions (Fig. 1 and fig. S1). By
explicitly incorporating circulation into the interaction process, we re-
veal that the strongest nonlinearity resides in the interaction, whereas
the direct contributions of circulation and soil moisture remain largely
linear during the evolution of heat waves (Fig. 2 and fig. S4). This identi-
fied threshold-activated interaction provides a potential explanation for

Tian et al., Sci. Adv. 12, eaeh9111 (2026) 6 November 2026

why record-breaking heat has intensified particularly rapidly in humid
mid-latitude regions (Fig. 3) (1, 16). In these regions, soils are substan-
tially wetter before heat-wave onset and can therefore sustain much
larger soil-moisture deficits as heat waves intensify (fig. S21). Conse-
quently, although mean land-atmosphere coupling is comparatively
weak under normal summer conditions, once the critical threshold is
exceeded, the interaction strengthens more rapidly and reaches greater
magnitudes in humid regions than in drier climates, producing stron-
ger nonlinear amplification (Fig. 4). With continued warming, tem-
peratures in humid regions increasingly exceed this critical threshold,
allowing more heat waves to enter the activated interaction regime
(fig. S22). Record-shattering heat waves may therefore arise not simply
from the overall warming trend (15), but increasingly from nonlinear
circulation-soil moisture—temperature interactions that disproportion-
ately amplify the most extreme events.
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The identified threshold-activated interaction also provides a
complementary view of the climate-model biases in heat and dry-
ness simulation (16). Previous studies have primarily attributed
model deficiencies in hot-dry extremes to insufficient soil-moisture
depletion in dry and semiarid regions (57), largely driven by the sys-
tematic overestimation of humidity (58). Our results suggest a dis-
tinct bias mechanism operating in humid climates. Compared with
observations, CMIP6 models tend to simulate soils that are already
excessively dry at heat-wave onset, leaving insufficient available soil
moisture for the strong depletion observed during the hottest stages
of heat waves (Fig. 6). This bias likely reflects an overemphasis on
water limitation under moderate conditions in models, potentially
linked to simplified representations of vegetation rooting depth, sub-
grid heterogeneity, and soil-moisture buffering processes (59, 60).
Consequently, the transition into the activated interaction regime is
reached prematurely and substantially weakened, suppressing the non-
linear amplification of extreme temperatures (Fig. 5). The model
deficiency in humid climates is therefore not simply the climatologi-
cal soil-moisture state but also the timing of soil-moisture depletion
relative to heat-wave evolution.

Several limitations should nevertheless be acknowledged. First,
the identified Z500-SM-T interaction represents one important am-
plification pathway rather than a universal mechanism governing all
regional heat extremes. For example, western North America, eastern
Australia, and parts of central Africa exhibit substantial increases
in upper-tail summer temperatures despite comparatively weak non-
linear interactions, suggesting that other mechanisms, including
aerosol forcing, vegetation dynamics, topography, and land-ocean
contrasts, may dominate heat amplification in these regions (61, 62).
Second, although the identified interaction preferentially amplifies
the most extreme heat waves (Fig. 1 and fig. S1), other land-atmosphere
processes likely contribute throughout the full heat-wave life cycle,
particularly during initiation and decay, including convection, pre-
cipitation recycling, cloud feedbacks, and boundary-layer processes
(63-65) (text S1 and figs. S26 and S27). Third, although the LEMIP-
pdLC experiment further supports the role of land-atmosphere
coupling identified in the ML model (fig. S12), this analysis is based
on a single model, and the generalizability of this result across cli-
mate models remains to be assessed. Last, our main framework
diagnoses contemporaneous interactions and does not explicitly re-
solve temporal dependencies among circulation, soil moisture, and
temperature (30). Nevertheless, our additional lagged analysis over
CEU shows that the threshold-dependent interaction remains evi-
dent across all three prediction directions with a 3-day lag (fig.
S5), providing further support for mutual, temporally ordered in-
teractions among the three components. These results strengthen
the interpretation of the diagnosed multivariate interaction as a
circulation-soil moisture-temperature feedback, while the regional
scope of the lagged analysis warrants caution in extending this tem-
poral interpretation globally. Incorporating additional physical driv-
ers together with temporal interactions and process-based model
experiments at a global scale represents an important direction for
future research.

Our findings suggest that future record-shattering heat waves
cannot be understood solely from progressively warmer mean cli-
mates or pairwise land-atmosphere feedbacks but can emerge from
threshold-dependent multivariate interactions activated beyond crit-
ical environmental states. Methodologically, our study demonstrates
the value of XAI for identifying such nonlinear interactions while

Tian et al., Sci. Adv. 12, eaeh9111 (2026) 6 November 2026

also emphasizing that XAI alone cannot establish physical mecha-
nisms or causality and should therefore be interpreted alongside
algorithmic, statistical, and independent physical evidence. This in-
tegrated framework may be further extended to other climate ex-
tremes shaped by coupled interactions among the atmosphere, land,
ocean, and biosphere. More broadly, our results highlight the im-
portance of adequately representing nonlinear multivariate feedbacks
in climate models and accounting for them in heat-risk assessment
and early-warning systems to better anticipate extreme heat in a warm-
ing climate.

MATERIALS AND METHODS

Datasets and data preprocess

ERA5-land and ERA5 reanalysis datasets during 1950-2023 are used
(39, 40). From ERA5-land dataset, daily maximum 2-m temperature
(T,, maximum of 6-hourly data at 00:00, 06:00, 12:00, and 18:00 UTC),
daily mean (average of 6-hourly data) of surface soil moisture (SM;
0 to 7 cm), surface latent heat flux (LE), surface sensible heat flux (H),
and total precipitation are downloaded with resolution of 1° X 1°.
From ERA5 data dataset, daily mean (average of 6-hourly data) of
geopotential height at 500 hPa (Z500) is downloaded with resolution
of 1°x 1°. All data are reprocessed into 3-day mean data without over-
lapping (1 year includes 365/3 ~ 121 timesteps) considering the
general life span of heat-wave events. To test the robustness, tem-
perature from E-OBS (45) is also used for CEU regional analysis.

We use multi-Earth system models (ESMs) from CMIP6 and sin-
gle model initial condition large ensemble (SMILE) to assess the
model performance regarding to nonlinear land-atmosphere interac-
tion for heat waves. We select 12 state-of-the-art CMIP6 ESMs (one
ensemble for one model) according to data availability, including
EC-Earth3, NorESM2-MM, NorESM2-LM, ACCESS-CM2, CanESMS5,
IPSL-CM6A-LR, MPI-ESM1-2-HR, MPI-ESM1-2-LR, UKESM1-
0-LL, INM-CM4-8, INM-CM5-0, and MIROC6. We use 40 ensembles
of CESM2-LE2 (55, 56) as the representation for SMILE. Consistent
with ERA5 analysis, we use daily maximum 2-m temperature, surface
soil moisture (0 to 10 cm), and geopotential height at 500 hPa from the
historical (1950-2014) and SSP3-7.0 (a medium to high reference sce-
nario, 2015-2023) simulations. All data are regridded into 1° X 1° and
reprocessed into 3-day mean data without overlapping.

To focus on the local physical mechanism in a synoptic time scale,
we use the anomaly of data, which refers to data without seasonal cycles
and the interannual trends. To remove the seasonal cycle for each grid
(or for regional-mean data), the climatology of the corresponding cal-
endar timestep with a 15-day moving window (one window includes
five 3-day-mean data) is subtracted. To remove the overall global warm-
ing trend for each grid (or for regional-mean data), the 5-year-moving
mean (from 2 years before to 2 years after) of the corresponding calen-
dar timestep with a 15-day moving window is subtracted.

Definition of summer heat-wave event and heat-wave period
To provide the ML model with as large amount of data sample as
possible, we use all summer season data during 1950-2023 to train
the ML model. However, we only focus on summer heat-wave peri-
od (as defined in the following) during 1979-2023 to investigate the
heat-wave mechanisms, considering the potentially different physi-
cal processes during relatively hot and cold spells and better data
quality in the satellite era (after 1979). The summer season is defined
as June, July, and August for the temperate region in the Northern
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Hemisphere (23.5°N to 90°N, excluding Greenland); December,
January, and February for temperate region in the Southern Hemi-
sphere (23.5°S to 60°S, excluding Antarctica); and the whole 12 months
for the tropics (23.5°N to 23.5°S).

For each grid (or for regional-mean data), heat-wave events are de-
fined as when observed T, anomalies (without seasonal cycle, without
warming trend) exceeding the 90th percentile of summer seasons during
1979-2023 for at least 6 days, e.g., the red vertical span in Fig. 2B. Heat-
wave periods are defined as the duration from the initiation to termina-
tion of the heat waves, e.g., the yellow vertical span in Fig. 2B. The
initiation and termination of a heat-wave event are defined when tem-
perature anomalies first exceed and drop below 0, respectively. If initia-
tion (or termination) does not occur within five timesteps (i.e., equal to
15 days) before (or after) the heat-wave peak, then we take the fifth
timestep before (or after) the heat-wave peak as the initiation (termina-
tion) to keep each heat-wave period no longer than 1 month. Including
the whole heat-wave period when analyzing the nonlinearity of the three
contributors enables us to investigate the complete evolution process of
the heat-wave events.

Explainable machine learning

We use the 3-day mean data in summer seasons during 1950-2023
to train ML models to guarantee the sufficiency of data amount
(74 years X 31 timesteps per year = 2294 timesteps for temperate
region and 74 years X 121 timesteps per year = 8954 for tropic re-
gion). We also provide results with only data during 1979-2023
used to train ML model in supplementary information (fig. S28),
which qualitatively confirms the main finding. For each grid (or for
regional-mean data), we train the GBR model (python package:
sklearn.ensemble.GradientBoostingRegressor) to predict T, with
7500 and SM as inputs. We use Bayesian searcher (python pack-
age: skopt.BayesSearchCV) to optimize the hyperparameters. Both in-
put and target variables are deseasonalized and detrended. Following a
previous study (66), for each grid (or for regional-mean data), we im-
plement repeated fivefold cross-validation 100 times for model train-
ing, evaluation, and interpretation, with data randomly shuffled for
each run (in total, 5 folds X 100 times = 500 runs). Fivefold cross-
validation means the dataset is split into five equal-sized (or as close to
equal as possible) subsets. The model is trained on four of these subsets
(training set) but only validated and interpreted with the remaining one
subset (testing set). In this way, every individual data would be incorpo-
rated into 400 various training sets and be used as the validation set
100 times, which therefore mitigates the overfitting, randomness, and
potential bias caused by model baseline.

We use the SHAP approach, which is grounded in the Shapley
value from the cooperative game theory (41), to interpret the trained
GBR (or XGboost) models. The Shapley value quantifies the marginal
contribution of an individual “player” to the total gain of a game, as
well as the joint contribution of a pair of “players” The explainable Al
framework (42) provides a unified and computationally efficient way
to estimate these marginal contributions from a trained ML model

S| {(M—1S] = 1)!
b= 3 %[ﬂ(w{i})—ﬂc(&] (1)
SSM\ (i) '
IS /(M —|S| —2)!
¢ = ToaM-1
! SQ/\/lZ\{i»j} AM =D @

£ (SUij}) —£(SULID—f (SU(i}) +£.(9)]
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where f, denotes the trained GBR (or XGBoost) models, M is the
full set of M predictors, S is the subset of M, i and j are individual
predictors (i # j), ¢; is the whole contribution of predictor i (i.e.,
Shapley value), and ¢, ; is the interactive contribution of predictor i
and j (i.e., Shapley interaction value).

In our case, we consider two players, i.e., Z500 and SM, and their
“total gains” corresponds to the predicted T, (T .q) by GBR (or
XGboost) models. Therefore, M = {Z500,SM}and M =2, and S, in
total, includes four possible subsets: {Z500, SM}, {Z500}, {SM}, and
@ [no predictors, where f, (#) equals the expected value of the mod-
el’s predictions]. Our target variable is temperature anomaly (dT,);
hence, f,(#) =dT, ~ 0.

If i = 2500, then M\{i} = {{SM}, @}, and Eq. 1 can be written
as follows (Eq. 3)

bzso0 = 5 [£(Z500,SM)=£,(SM) +£,Z500) -, (8)]  (3)

where the SHAP value, ¢, represents the total contribution of
7500, consisting of the independent contribution (Cys,) plus 50%
of the interactive contribution (Cier.c)> because the SHAP frame-
work distributes the interactive contribution equally among the in-
volved predictors.

Similarly, if i = SM, then M \{i} = {{Z500}, @}, and Eq. 1 can
be written as follows (Eq. 4)

4

where the SHAP value, ¢g,,, represents the total contribution of SM,
consisting of the independent contribution (Cgy) plus 50% of the in-
teractive contribution (Cy.ract)-

If i = 2500 and j = SM, then M\{i,j} = @, and Eq. 2 can be
written as follows (Eq. 5), which explicitly define the interactive term

Doy = % [£.(Z500, SM) — £,(Z500) +£,(SM) — £, (9) ]

brssos =5 (2500, M) ~£,(Z500)~ £,(SM) + £,(8)]  (5)

Similarly, if i = SM and j = Z500, then Eq. 2 can be written as
follows (Eq. 6)

Porz500 = % [£.(2500,SM) — £,(SM) —£.(Z500) + £. ()]~ (6)

This leads to the quantification of Cys0, Copp> a0d Cipygeract @ fol-
lows (Egs. 7 to 9 and, therefore, Eq. 10)

Czs00 = Pzs00 — ¢2500,SM =fx(2500) —fx(ﬂ) (7)

Cont = Pspt — Dsni zsoo = F(SM) — £, (4) (8)

Cinteract = $z500,5m + Psa zs00 = (2500, SM) ©)
—£,(2500) - £,(SM) + £, ()

C2500 + CSM + Cinteract =j;c(2500’ SM) _f;c (ﬁ) (10)

As we mentioned above, fx(ﬂ) ~ 0, we therefore obtain Czso0 +
CSM + Cinteract zﬁc(zsoo’ SM)’ i'e" CZSOO + CSM + Cinteract is always
equal to the predicted T, anomaly.

Using the SHAP implementation in Python (package shap.Ex-
plainer, https:/github.com/shap/shap), we decompose the T .4 of
each timestep into a baseline, the direct contribution of Z500 (Cy5),
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direct contribution of SM (Cg,,), and the interaction contribution
of the two drivers (Cperat)- Here, “independent” refers to contri-
butions evaluated by conditioning on a single predictor at a time
within the SHAP framework and does not imply statistical orthog-
onality or zero correlation between predictors. Note that the SHAP
values are calculated for only the testing set in the fivefold cross-
validation, and we report the mean of the 100 repeated runs for bet-
ter statistical stability.

Quantification of nonlinearity

To diagnose nonlinear relationship between temperature and the
SHAP-derived local contributions (Cyz9, Conp> and Ciperact)> WE ap-
ply segmented regression (67), a widely used approach for identifying
regime-dependent behavior [e.g., the evaporative-regime curve and
soil-moisture dynamics; (47-50)]. We regress the contributions on
absolute temperature rather than anomalies to directly link warming-
induced increases in threshold exceedance to the amplification of
three-way interactions. The segmented model is defined as

|

where C refers to the three SHAP-derived contribution, namely, C<,
Com> and Ciyyeroees T refers to the 3-day mean T; (T, C.) marks the
critical point that divides the regression into precritical regime (or
muted regime) and postcritical regime (or activated regime), with T,
referred to as critical temperature; m and m, are the linear-regression
slope of the two pieces, with m, referred to as slope of dependence
between C and T in activated regime. We use T, and m, to charac-
terize the features of the segmented regression curve.

To assess whether a segmented model provides a superior descrip-
tion relative to a linear model, we evaluate model performance using
the AIC (43) and the coefficient of determination (R? score). AIC is
widely used in regression model evaluation because it balances model
complexity and goodness of fit by penalizing additional parameters
(44). Nonlinearity is therefore assessed using the difference in AIC
between segmented and linear models

AAIC = AIC

m(T-T.)+C., T<T,

m,(T-T.)+C., T>T, (11)

AIClinear ( 1 2)

Following established practice, a segmented relationship is con-
sidered preferable when A AIC < -2, reflecting a deliberately con-
servative criterion. Differences in R* score (A R? = R? —-R2 )

. X segmented linear
are reported as a supplementary diagnostic.

segmented ~

Algorithmic robustness across datasets, ML algorithms, and
prediction directions

To evaluate the algorithmic robustness of the proposed XAI frame-
work, we examine whether the diagnosed nonlinear interaction de-
pends on the observational dataset, ML algorithm, or prediction
direction. Specifically, we repeat the European analysis using the inde-
pendent E-OBS (45) observational dataset, replace the GBR model
with XGBoost, and reverse the prediction direction by treating tem-
perature as the predictor and Z500 and SM as target variables, with
one timestep between predictors and target variable.

The threshold-activated behavior of the diagnosed Z500-SM inter-
action is consistently reproduced across both observational datasets
(ERAS5 and E-OBS) and both ML algorithms (GBR and XGBoost)
(fig. S4), demonstrating that the identified nonlinear interaction is in-
sensitive to dataset choice and ML architecture. When the prediction
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direction is reversed with one timestep between predictors and target
variable (using Z500, and SM, to predict T, ,, using Z500, and T, to
predict SM,, ,, or using SM, and T, to predict Z500,,,), threshold-
activated behavior is likewise detected in the temperature-interaction
relationships (fig. S5). This result supports the interpretation of recip-
rocal interactions rather than a purely one-way relationship. More-
over, the persistence of the threshold behavior after reversing the
prediction direction reduces concerns that the diagnosed nonlineari-
ty arises solely from mathematical endogeneity or circularity associ-
ated with decomposing the target variable.

Robustness to predictor selection

We examine whether the diagnosed nonlinear interaction depends on
the predictor configuration used by the ML model. The main analysis
uses two predictors: Z500 and SM. We compare this configuration
with three alternative models: (i) a single-predictor model using Z500
alone, (ii) a three-predictor model including surface wind speed (sfc-
Wind), and (iii) a three-predictor model including RH.

The Z500-only model explains 46 + 14% of the variance in daily
maximum temperature across the mid-latitudes, with a 90th-percentile
prediction error of 0.94 + 0.20 K. Including SM substantially improves
model performance, increasing the explained variance to 63 + 14%
while reducing the 90th-percentile prediction error to 0.66 + 0.12 K
(fig. S6). This improvement indicates that soil moisture provides sub-
stantial predictive information beyond large-scale circulation alone.
Including either sfcWind or RH results in only marginal improve-
ments in overall model skill (mean R? increases to ~64%). By contrast,
both variables reduce predictive skill for the hottest temperature ex-
tremes, increasing the 90th-percentile prediction error to ~0.74 and
0.71 K, respectively (fig. S6). Moreover, SHAP attribution further
shows that the direct contributions of sfcWind and RH remain com-
paratively weak relative to those from Z500 and SM (figs. S7 and S8). In
addition, the threshold-activated interaction between Z500 and SM
remains essentially unchanged after including either variable (figs. S7
and S8). By contrast, interactions involving sfcWind or RH do not ex-
hibit evident threshold-activated behavior. These additional experi-
ments indicate that Z500 and SM capture the dominant controls of
mid-latitude heat extremes, and the diagnosed threshold-activated in-
teraction among Z500, SM, and T remains robust after accounting for
additional atmospheric predictors.

Statistical robustness of nonlinearity assessment

To evaluate whether the diagnosed threshold behavior reflects a ro-
bust nonlinear relationship rather than a consequence of sampling
variability, statistical model specification, or sample-size differences,
we assess the nonlinearity using four complementary statistical ap-
proaches: (i) bootstrap resampling, (ii) likelihood-ratio testing (46),
(iii) segmented slope-difference testing (47, 48), and (iv) Cohen’s f2
analysis (49). These complementary approaches evaluate different as-
pects of the diagnosed nonlinearity, including robustness to extreme-
event sampling, statistical significance, structural changes in regression
slopes, and the magnitude of nonlinear improvement.

Bootstrap resampling

Bootstrap resampling is used to evaluate whether the diagnosed thresh-
old behavior is driven by a limited number of exceptional heat waves
or by clustered events within individual years. We perform annual-
replacement bootstrap resampling, in which all heat-wave samples
from one calendar year are replaced by randomly sampled heat-wave
observations drawn from the remaining years while maintaining the
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original sample size. This procedure is repeated 100 times for each
of the 45 study years, yielding a total of 4500 bootstrap realizations.
For each realization, both segmented and linear regressions are refit-
ted and the corresponding AAIC is recalculated. A nonlinear inter-
action is considered robust when AAIC < —2 is satisfied in more
than 99% of the bootstrap realizations. To evaluate the sensitivity of
this criterion, we repeat the analysis using an alternative model-
selection threshold (AAIC < 0) and additional bootstrap schemes in
which 10 or 20% of the original samples are replaced, in each real-
ization, by randomly resampled observations drawn from the re-
maining data.

Likelihood-ratio test

As a complementary hypothesis-testing approach, we compare the
segmented and linear regressions using a likelihood-ratio test (46),
treating the linear regression as the null model and the segmented
regression as the alternative model. The test statistic is calculated as

LR=2 (logLsegmented - 1Onginear ) ( 1 3)

where 10gLeomenteq 21 108 L, denote the log-likelihoods of the seg-
mented and linear models, respectively. Under the null hypothesis,
the test statistic approximately follows a chi-square distribution, with
degrees of freedom given by the difference in the number of fitted
parameters between the two models. A significant result (P < 0.05)
indicates that the segmented model provides a better description
of the data.

Segmented slope-difference testing

To verify that the identified breakpoint corresponds to a genuine
structural transition rather than a change in model complexity alone,
we further test whether the two regression slopes identified by the
segmented model differ significantly. Statistical significance of the
slope difference is evaluated using the standard coefficient inference
implemented in the segmented regression framework (47, 48). A sig-
nificant slope difference (P < 0.05) indicates that the relationship
between temperature and the response variable changes significant-
ly across the diagnosed breakpoint.

Sample-size effect assessment

Last, we quantify the magnitude of nonlinear improvement using
Cohen’s f 2 metric (49)

2 2

R segmented  ° linear
Cohen’s f? = 1gR2— (14)
- segmented

which measures the additional variance explained by the segmented
regression relative to the linear model. Unlike significance-based sta-
tistics, Cohen’s f* quantifies effect of size and is therefore substan-
tially less sensitive to sample-size differences, facilitating comparisons
among climate regions with different numbers of heat-wave events.
Larger values of Cohen’s f* indicate a greater improvement of the seg-
mented regression over the linear alternative.

In the spatial analysis, nonlinear interactions are diagnosed only at
grid cells where the ML model reproduces local temperature variability
with sufficient skill (RIZ\,[L > 0.6), ensuring reliable SHAP attribution.
Depending on the statistical criterion adopted, including alternative
AAIC thresholds, bootstrap resampling schemes, likelihood-ratio tests,
and segmented slope-difference tests, ~15 to 30% of humid mid-
latitude land areas exhibit robust threshold-activated interactions
(table S1), while the identified hot spot regions remain largely un-
changed (figs. S16 and S17).
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Independent physical diagnostics

To evaluate whether the XAI-diagnosed interaction is physically con-
sistent with established land-atmosphere theory, we compare the
diagnosed threshold behavior and attribution results with three in-
dependent physical diagnostics. First, we examine whether the critical
temperature threshold identified by the XAI framework is consistent
with independently diagnosed evaporative-regime transitions. Sec-
ond, we compare the SHAP-based attribution with a physically based
decomposition derived from the surface energy balance. Third, we
use prescribed land-condition experiments from LEMIP (52) to pro-
vide an independent process-based assessment.

Critical soil-moisture threshold

The critical soil moisture is identified on the basis of the relationship
between EF and the SM during the dry-down periods, following es-
tablished approaches in a previous study (50). The EF is the ratio of
latent heat flux in the total turbulent flux

_LE
T LE+H

where LE and H are surface latent and sensible heat fluxes, respectively.

Following Fu et al. (50), the critical soil moisture is diagnosed
using data from summer dry-down periods, which is retained when
soil moisture decreases consecutively after rainfall and terminates
when soil moisture begins to increase again. During these dry-down
periods, the relationship between EF and SM is characterized by fit-
ting a linear-plateau regression

=

where SM_ denotes the critical soil-moisture threshold separating the
water-limited (SM < SM,) and energy-limited (SM > SM_) evapora-
tive regimes, EF, . represents the plateau value of EF under energy-
limited conditions, and k is the slope of the EF-SM relationship in the
water-limited regime.

To assess whether the linear-plateau segmented regression pro-
vides a superior description of the EF-SM relationship relative to the
linear regression, we evaluate model performance using A AIC =
AlCgmented = AlCiiney> consistent with the nonlinearity diagnostics
applied elsewhere in this study (Eq. 12). We consider the presence of
a critical soil-moisture threshold to be statistically supported only
when A AIC < -2, indicating that the improvement in fit outweighs
the penalty associated with additional model parameters.

Following the detection of the critical soil moisture, we further in-
vestigate the evaporative regime transition following previous study
(31, 32) based the difference in the potential and actual evaporation
(fig. S10). This analysis provides a physical mechanism through which
soil-moisture depletion amplifies extreme temperatures and influence
the troposphere.

Surface energy-balance attribution

To independently evaluate the physical interpretation of the SHAP-
based attribution, we compare it with an attribution derived from
the surface energy balance (51). The surface energy balance is
expressed as

(15)

k(SM—SM, ) +EF
EF

s SM<SM,

(16)
SM > SM,

max’>

Rld_Rlu+Rs_LE_H=Q (17)

where Ry is the downward flux of longwave radiation, Ry, is the
emitted upward flux of longwave radiation, R, is the net absorption
of solar radiation, LE is the surface latent heat flux, H is the surface
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sensible heat flux, and Q is the ground heat flux. Note that the R4 and

R, are downward positive, whereas Ry, LE, and H are upward positive.
By using 6T,* for Ry, (with 6 being the Stefan-Boltzmann con-

stant and T, being the surface temperature), we can express A T, as

ATy= (R, +AR - ALE-AH-AQ)/(4T ) (18)

In this surface energy-balance framework, the effect of high pressure
on temperature is majorly through an increase in solar radiation, which

is represented by Cy, = AR,/ <46i3 ) This can be interpreted as the

marginal contribution of Z500 in the XAI framework, i.e., C50 + %
Similarly, soil moisture primarily affects temperature by decreasing la-

tent heat flux, represented by C;; = ALE/ (40?53 ), which can be in-

terpreted as the marginal contribution of SM in the XAl framework, i.e.,
Com + Cintemes Compared with surface energy-balance diagnostics, the
SHAP-based decomposition shows consistent relative magnitudes be-
tween circulation- and land-surface contributions (fig. S11), with the
XAl-based contributions slightly larger than those inferred from the
energy-balance analysis. This is because the XAI framework attributes
temperature variations exclusively to the two selected predictors (Z500
and SM). Consequently, contributions from other energy-balance
terms, such as downward longwave radiation, sensible heat flux, and
horizontal heat advection, are implicitly redistributed between the base-
line value, Z500, and SM in the XAI decomposition.

Prescribed land-condition experiments

As a third independent physical assessment, we analyze the pre-
scribed land-condition experiment (LFMIP-pdLC) from the LEMIP
(LS3MIP) (52). The LEMIP-pdLC simulations use the same climate
model, external forcing, sea surface temperature, and sea ice as the
corresponding CMIP6 historical and SSP scenario simulations, ex-
cept that soil moisture is prescribed to the historical mean seasonal
cycle during 1980-2014 rather than evolving prognostically. Conse-
quently, comparison between the fully coupled CMIP6 simulations
and LEMIP-pdLC provides an independent process-based assessment
of the role of evolving soil moisture in the diagnosed circulation-soil
moisture-temperature interaction. The prescribed land-condition ex-
periments are now available for only a limited number of CMIP6 mod-
els. Among the available LFMIP-pdLC simulations, CMCC-ESM2
provides all variables required for applying the XAI framework at
daily resolution, which is therefore selected here. This comparison
based on single model output is intended as an independent physical
consistency check of the diagnosed mechanism rather than a multi-
model evaluation.

Applying the XAI framework to the LEMIP-pdLC simulations
substantially weakens the diagnosed interaction compared with the
hist+SSP scenario (fig. S12). Relative to the corresponding fully cou-
pled simulations (hist+SSP585, r1il1flp1), the interaction contri-
bution (Ciyteract) is markedly reduced in the corresponding pdLC
experiment (amip-1fmip-pdLC, r1i1flp2, which corresponds to
SSP585). Consistently, the evidence supporting a threshold-dependent
relationship is substantially weakened: the magnitude of AAIC de-
creases considerably, and its 99% bootstrap CI overlaps zero, indicat-
ing that the segmented model is no longer clearly favored over the
linear model when soil-moisture variability is suppressed.

Association between contributors and the upper-tail width
of the temperature distribution

To quantify the relationship between the three contributors and
changes in the upper tail of the temperature distribution, we analyze

Tian et al., Sci. Adv. 12, eaeh9111 (2026) 6 November 2026

the interannual covariability between the heat wave-period mean
contributions and the upper-tail width of summer T,. The upper-tail
width is defined as the difference between the 99.5th and 75th per-
centiles of summer T, (T, g9 53, =T 75)> Which characterizes changes
in the most extreme temperatures relative to moderate warm condi-
tions. This analysis is performed for CEU and extended to mid-latitude
humid regions to assess the robustness and spatial consistency of
the association. For each region, both the contributor time series
and the upper-tail width of T, are computed using a 5-year moving
window to suppress short-term variability and to stabilize upper tail
quantiles. The resulting time series are then linearly detrended and
normalized before regression analysis. Linear regression is applied
to quantify the association between interannual variations in the con-
tributor terms and the upper-tail width of the temperature distribu-
tion. Regression uncertainty is characterized using the 99% CI of the
fitted relationship.

Spatial division based on model bias in heat-wave changes
To identify the regional sources of bias in CMIP6 simulations of the
T, 950, changes, we divide the mid-latitude domain into nine subre-
gions, as shown in Fig. 5D. For each model, we first select grid points
with reliable ML performance (R}, > 0.6). These grid points are
then grouped into nine bias categories according to the difference
between simulated and observed T, g9 54, changes, ranging from
strong underestimation to strong overestimation (—4.5 to —3.5 K,
—-35t0-25K,-2.5t0-1.5K,-1.5t0 —0.5K, —0.5t0 0.5 K, 0.5 to
1.5K,1.5t02.5K, 2.5t0 3.5 K, and 3.5 to 4.5 K). Each model there-
fore defines its own nine bias ranges based on its individual bias
pattern. For each bias range, we then compute the regional mean
responses of the three contributors, defined as the linear slopes be-
tween temperature and Cy5p9, Coy, and Cipieraee (125005 Mgy and
M, jneract) dUring heat-wave periods. Note that the m, ;... is the
slope between C, ;... and temperature when T > T..

Estimating soil-moisture decline rate
The water balance equation during a dry-down (assuming runoff is
small) is expressed as

asM. _ P—ET

dt

where P is precipitation and ET is evapotranspiration, with unit of
m® m™ day ™" to be consistent with the left hand of equation. During
mid-latitude heat wave, P is approximately zero due to high pressure
and clear sky. Thus, the equation simplifies to

(19)

dSM 1 _ —ET
dt SM~ SM
We then call E;;; = ET/SM an evapotranspiration efficiency, which
measures how efficiently ecosystem uses soil moisture for evapotranspi-
ration (unit: % day_l) and is used to assess the soil-moisture decline rate
following the heat-wave initiation. By integrating both sides of Eq. 20,
we obtain

(20)

J dSM 1)

S_M = J _EETdt

From Eq. 21, the solution for temporal changes in soil moisture
during a heat wave is
SM = SM,je~Eert (22)
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where SM,, is the initial soil moisture at the start of the heat-wave
period and ¢ is the time after heat-wave initiation. Using Eq. 22, we
can estimate Egp by fitting the temporal changes in soil moisture
over time after the heat-wave initiation date using an exponential fit
(68). In CEU, soil moisture declines ~15 to 27 days after heat-wave
onset (fig. $29). Accordingly, Eg in Fig. 6 is calculated over a 21-day
period following heat-wave initiation, with sensitivity tests using

15-

and 27-day windows provided in fig. S29, which confirms the

negative relationship between the nonlinearity of the interaction
and evaporative efficiency.

Supplementary Materials
This PDF file includes:
Supplementary Text S1

Figs. S1to S29

Table S1

REFERENCES

1.

Tian et al., Sci. Adv. 12, eaeh9111 (2026)

E. M. Fischer, S. Sippel, R. Knutti, Increasing probability of record-shattering climate
extremes. Nat. Clim. Chang. 11, 689-695 (2021).

. V.Thompson, A.T. Kennedy-Asser, E. Vosper, Y. T. E. Lo, C. Huntingford, O. Andrews,

M. Collins, G. C. Hegerl, D. Mitchell, The 2021 western North America heat wave among
the most extreme events ever recorded globally. Sci. Adv. 8, eabm6860 (2022).

. C.Schar, P. L. Vidale, D. Luthi, C. Frei, C. Haberli, M. A. Liniger, C. Appenzeller, The role of

increasing temperature variability in European summer heatwaves. Nature 427, 332-336
(2004).

. D.L.Schumacher, J. Keune, C. C. van Heerwaarden, J. Vila-Guerau de Arellano,

A. J.Teuling, D. G. Miralles, Amplification of mega-heatwaves through heat torrents
fuelled by upwind drought. Nat. Geosci. 12, 712-717 (2019).

. S.Bartusek, K. Kornhuber, M. Ting, 2021 North American heatwave amplified by climate

change-driven nonlinear interactions. Nat. Clim. Chang. 12, 1143-1150 (2022).

. R.H.White, S. Anderson, J. F. Booth, G. Braich, C. Draeger, C. Fei, C. D. G. Harley,

S. B. Henderson, M. Jakob, C.-A. Lau, L. Mareshet Admasu, V. Narinesingh, C. Rodell,
E. Roocroft, K. R. Weinberger, G. West, The unprecedented Pacific Northwest heatwave of
June 2021. Nat. Commun. 14, 727 (2023).

. E.L.Yule, G. Hegerl, A. Schurer, E. Hawkins, Using early extremes to place the 2022 UK

heat waves into historical context. Atmos. Sci. Lett. 24, 1159 (2023).

. S. Perkins-Kirkpatrick, D. Barriopedro, R. Jha, L. Wang, A. Mondal, R. Libonati,

K. Kornhuber, Extreme terrestrial heat in 2023. Nat. Rev. Earth Environ. 5, 244-246 (2024).

. J-M.Robine, S. L. K. Cheung, S. L. Roy, H.V. Oyen, C. Griffiths, J.-P. Michel, F. R. Herrmann,

Death toll exceeded 70,000 in Europe during the summer of 2003. C. R. Biol. 331, 171-178
(2008).

. J. Ballester, M. Quijal-Zamorano, R. F. Méndez Turrubiates, F. Pegenaute, F. R. Herrmann,

J. M. Robine, X. Basagana, C. Tonne, J. M. Antd, H. Achebak, Heat-related mortality in
Europe during the summer of 2022. Nat. Med. 29, 1857-1866 (2023).

. X.Lian, Y. Li, J. Liu, K. Kornhuber, P. Gentine, Northern ecosystem productivity reduced by

Rossby-wave-driven hot-dry conditions. Nat. Geosci. 18, 615-623 (2025).

. K. Kornhuber, D. Coumou, E. Vogel, C. Lesk, J. F. Donges, J. Lehmann, R. M. Horton,

Amplified Rossby waves enhance risk of concurrent heatwaves in major breadbasket
regions. Nat. Clim. Chang. 10, 48-53 (2020).

. K.Dobney, C. J. Baker, A. D. Quinn, L. Chapman, Quantifying the effects of high summer

temperatures due to climate change on buckling and rail related delays in south-east
United Kingdom. Meteorol. Appl. 16, 245-251 (2009).

. D. Garcia-Leon, A. Casanueva, G. Standardi, A. Burgstall, A. D. Flouris, L. Nybo, Current and

projected regional economic impacts of heatwaves in Europe. Nat. Commun. 12, 5807
(2021).

. R.Vautard, C. Barnes, S. Philip, S. Kew, I. Pinto, F. E. L. Otto, Heat extremes linearly shift

with global warming, with frequency doubling per decade since 1979. Environ. Res. Lett.
19, 094033 (2024).

. K.Kornhuber, S. Bartusek, R. Seager, H. J. Schellnhuber, M. Ting, Global emergence of

regional heatwave hotspots outpaces climate model simulations. Proc. Natl. Acad. Sci.
U.S.A. 121, e2411258121 (2024).

. A.K. Srivastava, M. Wehner, C. Bonfils, P. A. Ullrich, M. Risser, Local hydroclimate drives

differential warming rates between regular summer days and extreme hot days in the
Northern Hemisphere. Weather Clim. Extrem. 45, 100709 (2024).

.M. Patterson, North-West Europe hottest days are warming twice as fast as mean summer

days. Geophys. Res. Lett. 50, €2023GL102757 (2023).

6 November 2026

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32

33.

34,

35.

36.

37.

38.

39.

40.

. E.Rousi, K. Kornhuber, G. Beobide-Arsuaga, F. Luo, D. Coumou, Accelerated Western

European heatwave trends linked to more-persistent double jets over Eurasia. Nat.
Commun. 13,3851 (2022).

K. A. McKinnon, I. R. Simpson, A. P. Williams, The pace of change of summertime
temperature extremes. Proc. Natl. Acad. Sci. U.S.A. 121, e2406143121 (2024).

D. I.V. Domeisen, E. A. B. Eltahir, E. M. Fischer, R. Knutti, S. E. Perkins-Kirkpatrick, C. Schar,
S. 1. Seneviratne, A. Weisheimer, H. Wernli, Prediction and projection of heatwaves. Nat.
Rev. Earth Environ. 4, 36-50 (2023).

D. Barriopedro, R. Garcia-Herrera, C. Ordéhez, D. G. Miralles, S. Salcedo-Sanz, Heat waves:
Physical understanding and scientific challenges. Rev. Geophys. 61, 2022RG000780
(2023).

C. Huntingford, P. M. Cox, P. D. L. Ritchie, J. J. Clarke, I. M. Parry, M. S. Williamson,
Acceleration of daily land temperature extremes and correlations with surface energy
fluxes. npj Clim. Atmos. Sci. 7, 84 (2024).

R.Vautard, J. Cattiaux, T. Happé, J. Singh, R. Bonnet, C. Cassou, D. Coumou, F. D'’Andrea,

D. Faranda, E. Fischer, A. Ribes, S. Sippel, P. Yiou, Heat extremes in Western Europe
increasing faster than simulated due to atmospheric circulation trends. Nat. Commun. 14,
6803 (2023).

D. Maraun, R. Schiemann, A. Ossé, M. Jury, Changes in event soil moisture-temperature
coupling can intensify very extreme heat beyond expectations. Nat. Commun. 16, 734
(2025).

S. 1. Seneviratne, D. Luthi, M. Litschi, C. Schéar, Land-atmosphere coupling and climate
change in Europe. Nature 443, 205-209 (2006).

S.1. Seneviratne, T. Corti, E. L. Davin, M. Hirschi, E. B. Jaeger, I. Lehner, B. Orlowsky,
A.J.Teuling, Investigating soil moisture—climate interactions in a changing climate: A
review. Earth Sci. Rev. 99, 125-161 (2010).

B. Mueller, S. . Seneviratne, Hot days induced by precipitation deficits at the global scale.
Proc. Natl. Acad. Sci. U.S.A. 109, 12398-12403 (2012).

B. Quesada, R. Vautard, P. Yiou, M. Hirschi, S. |. Seneviratne, Asymmetric European summer
heat predictability from wet and dry southern winters and springs. Nat. Clim. Chang. 2,
736-741 (2012).

Y.Tian, A.Kleidon, C. Lesk, S. Zhou, X. Luo, S. A. Ghausi, G. Wang, D. Zhong, J. Zscheischler,
Characterizing heatwaves based on land surface energy budget. Commun. Earth Environ.
5,617 (2024).

D. G. Miralles, A. J. Teuling, C. C. van Heerwaarden, J. Vila-Guerau de Arellano,
Mega-heatwave temperatures due to combined soil desiccation and atmospheric heat
accumulation. Nat. Geosci. 7, 345-349 (2014).

D. G. Miralles, P. Gentine, S. I. Seneviratne, A. J. Teuling, Land-atmospheric feedbacks
during droughts and heatwaves: State of the science and current challenges. Ann. N. Y.
Acad. Sci. 1436, 19-35 (2019).

S.Jiang, L.-b. Sweet, G. Blougouras, A. Brenning, W. Li, M. Reichstein, J. Denzler,

W. Shangguan, G. Yu, F. Huang, J. Zscheischler, How interpretable machine learning can
benefit process understanding in the geosciences. Earths Future 12, e2024EF004540
(2024).

G. Camps-Valls, M.-A. Fernandez-Torres, K.-H. Cohrs, A. Hohl, A. Castelletti, A. Pacal,

C. Robin, F. Martinuzzi, I. Papoutsis, I. Prapas, J. Pérez-Aracil, K. Weigel,

M. Gonzalez-Calabuig, M. Reichstein, M. Rabel, M. Giuliani, M. D. Mahecha, O.-I. Popescu,
0. J. Pellicer-Valero, S. Ouala, S. Salcedo-Sanz, S. Sippel, S. Kondylatos, T. Happé,

T. Williams, Artificial intelligence for modeling and understanding extreme weather and
climate events. Nat. Commun. 16, 1919 (2025).

M. Reichstein, G. Camps-Valls, B. Stevens, M. Jung, J. Denzler, N. Carvalhais, Prabhat, Deep
learning and process understanding for data-driven Earth system science. Nature 566,
195-204 (2019).

G. J.van Oldenborgh, K. van der Wiel, S. Kew, S. Philip, F. Otto, R. Vautard, A. King, F. Lott,
J. Arrighi, R. Singh, M. van Aalst, Pathways and pitfalls in extreme event attribution. Clim.
Change 166, 13 (2021).

Y.Tian, S. A. Ghausi, Y. Zhang, M. Zhang, D. Xie, Y. Cao, Y. Mei, G. Wang, D. Zhong,

A. Kleidon, Radiation as the dominant cause of high-temperature extremes on the
eastern Tibetan Plateau. Environ. Res. Lett. 18, 074007 (2023).

M. Rothlisberger, L. Papritz, Quantifying the physical processes leading to atmospheric
hot extremes at a global scale. Nat. Geosci. 16, 210-216 (2023).

H. Hersbach, B. Bell, P. Berrisford, S. Hirahara, A. Horanyi, J. Mufioz-Sabater, J. Nicolas,

C. Peubey, R. Radu, D. Schepers, A. Simmons, C. Soci, S. Abdalla, X. Abellan, G. Balsamo,

P. Bechtold, G. Biavati, J. Bidlot, M. Bonavita, G. De Chiara, P. Dahlgren, D. Dee,

M. Diamantakis, R. Dragani, J. Flemming, R. Forbes, M. Fuentes, A. Geer, L. Haimberger,
S.Healy, R. J. Hogan, E. H6Im, M. Janiskova, S. Keeley, P. Laloyaux, P. Lopez, C. Lupu,

G. Radnoti, P. de Rosnay, I. Rozum, F.Vamborg, S. Villaume, J.-N. Thépaut, The ERA5 global
reanalysis. Q. J. Roy. Meteorol. Soc. 146, 1999-2049 (2020).

J. Munioz-Sabater, ERA5-Land hourly data from 1950 to present, Copernicus Climate
Change Service (C3S) Climate Data Store (CDS) (2019), https://doi.org/10.24381/cds.
e2161bac [accessed 2025].

150f 16

9202 ‘ZT eqUSAON U0 UISUIT 18]V }ieds)jeyosusss i Te B.10°90Us s Mmw/:sany woJy pepeojumod


https://doi.org/10.24381/cds.e2161bac
https://doi.org/10.24381/cds.e2161bac

SCIENCE ADVANCES | RESEARCH ARTICLE

42.

43.
44,

45.

46.

47.

48.

49.

50.

51.

52.

53.
54,

55.

56.

57.

58.

Tian et al., Sci. Adv. 12, eaeh9111 (2026)

. L.S. Shapley, in Contributions Theory Games 2, H.W. Kuhn, A. W. Tucker, Eds. (Princeton

Univ. Press, 1953), vol. 2, pp. 307-317.

S. M. Lundberg, G. Erion, H. Chen, A. DeGrave, J. M. Prutkin, B. Nair, R. Katz, J. Himmelfarb,
N. Bansal, S.-I. Lee, From local explanations to global understanding with explainable Al
for trees. Nat. Mach. Intell. 2, 56-67 (2020).

H. Akaike, in Selected Papers of Hirotugu Akaike, E. Parzen, K. Tanabe, G. Kitagawa, Eds.
(Springer, 1998), pp. 215-222.

K. P.Burnham, D. R. Anderson, Model Selection and Multimodel Inference: A Practical
Information-Theoretic Approach (Springer, ed. 2, 2002).

R. C. Cornes, G. van der Schrier, E. J. M. van den Besselaar, P. D. Jones, An ensemble
version of the E-OBS temperature and precipitation data sets. J. Geophys. Res. Atmos. 123,
9391-9409 (2018).

S.S.Wilks, The large-sample distribution of the likelihood ratio for testing composite
hypotheses. Ann. Math. Stat. 9, 60-62 (1938).

D. O.Benson, P. A. Dirmeyer, Characterizing the relationship between temperature and
soil moisture extremes and their role in the exacerbation of heat waves over the
contiguous United States. J. Climate 34,2175-2187 (2021).

P. A. Dirmeyer, G. Balsamo, E. M. Blyth, R. Morrison, H. M. Cooper, Land-atmosphere
interactions exacerbated the drought and heatwave over northern Europe during
summer 2018. AGU Adv. 2, e2020AV000283 (2021).

J. Cohen, Statistical Power Analysis for the Behavioral Sciences (Lawrence Erlbaum
Associates, ed. 2, 1988).

Z.Fu, P.Ciais, A. F. Feldman, P. Gentine, D. Makowski, I. C. Prentice, P. C. Stoy, A. Bastos,
J.-P.Wigneron, Critical soil moisture thresholds of plant water stress in terrestrial
ecosystems. Sci. Adv. 8, eabq7827 (2022).

S. Lee, T. Gong, S. B. Feldstein, J. A. Screen, I. Simmonds, Revisiting the cause of the
1989-2009 Arctic Surface Warming using the surface energy budget: Downward
infrared radiation dominates the surface fluxes. Geophys. Res. Lett. 44, 10,654-10,661
(2017).

B. van den Hurk, H. Kim, G. Krinner, S. I. Seneviratne, C. Derksen, T. Oki, H. Douville,

J. Colin, A. Ducharne, F. Cheruy, N. Viovy, M. J. Puma, Y. Wada, W. Li, B. Jia, A. Alessandri,
D. M. Lawrence, G. P.Weedon, R. Ellis, S. Hagemann, J. Mao, M. G. Flanner, M. Zampieri,
S. Materia, R. M. Law, J. Sheffield, LS3MIP (v1.0) contribution to CMIP6: The Land Surface,
Snow and Soil moisture Model Intercomparison Project—Aims, setup and expected
outcome. Geosci. Model Dev. 9, 2809-2832 (2016).

R.J. Zomer, J. Xu, A. Trabucco, Version 3 of the Global Aridity Index and Potential
Evapotranspiration Database. Sci. Data 9, 409 (2022).

J.Liu, Q. Wang, W. Zhan, X. Lian, P. Gentine, When and where soil dryness matters to
ecosystem photosynthesis. Nat. Plants 11, 1390-1400 (2025).

K.B.Rodgers, S. S. Lee, N. Rosenbloom, A. Timmermann, G. Danabasoglu, C. Deser,

J. Edwards, J. E. Kim, I. R. Simpson, K. Stein, M. F. Stuecker, R. Yamaguchi, T. Bédai,

E.S. Chung, L. Huang, W. M. Kim, J. F. Lamarque, D. L. Lombardozzi, W. R. Wieder,

S. G.Yeager, Ubiquity of human-induced changes in climate variability. Earth Syst. Dynam.

12,1393-1411 (2021).

G. Danabasoglu, J.-F. Lamarque, J. Bacmeister, D. A. Bailey, A. K. DuVivier, J. Edwards,

L. K. Emmons, J. Fasullo, R. Garcia, A. Gettelman, C. Hannay, M. M. Holland, W. G. Large,

P. H. Lauritzen, D. M. Lawrence, J. T. M. Lenaerts, K. Lindsay, W. H. Lipscomb, M. J. Mills,

R. Neale, K. W. Oleson, B. Otto-Bliesner, A. S. Phillips, W. Sacks, S. Tilmes,

L. van Kampenhout, M. Vertenstein, A. Bertini, J. Dennis, C. Deser, C. Fischer,

B. Fox-Kemper, J. E. Kay, D. Kinnison, P.J. Kushner, V. E. Larson, M. C. Long, S. Mickelson,

J. K. Moore, E. Nienhouse, L. Polvani, P. J. Rasch, W. G. Strand, The Community Earth
System Model Version 2 (CESM2). J. Adv. Model. Earth Syst. 12, e2019MS001916 (2020).

1. Y. Petrova, D. G. Miralles, F. Brient, M. G. Donat, S.-K. Min, Y.-H. Kim, M. Bador,
Observation-constrained projections reveal longer-than-expected dry spells. Nature 633,
594-600 (2024).

I. R. Simpson, K. A. McKinnon, D. Kennedy, D. M. Lawrence, F. Lehner, R. Seager, Observed
humidity trends in dry regions contradict climate models. Proc. Natl. Acad. Sci. U.S.A. 121,
2302480120 (2024).

6 November 2026

59. A.J.Teuling, S. . Seneviratne, R. Stockli, M. Reichstein, E. Moors, P. Ciais, S. Luyssaert,

B. van den Hurk, C. Ammann, C. Bernhofer, E. Dellwik, D. Gianelle, B. Gielen, T. Griinwald,
K. Klumpp, L. Montagnani, C. Moureaux, M. Sottocornola, G. Wohlfahrt, Contrasting
response of European forest and grassland energy exchange to heatwaves. Nat. Geosci. 3,
722-727 (2010).

60. S.Sippel, J. Zscheischler, M. D. Mahecha, R. Orth, M. Reichstein, M. Vogel, S. I. Seneviratne,
Refining multi-model projections of temperature extremes by evaluation against land—
atmosphere coupling diagnostics. Earth Syst. Dynam. 8, 387-403 (2017).

61. D.L.Schumacher, J. Singh, M. Hauser, E. M. Fischer, M. Wild, S. I. Seneviratne, Exacerbated
summer European warming not captured by climate models neglecting long-term
aerosol changes. Commun. Earth Environ. 5, 182 (2024).

62. P.Wang, Y.Yang, D. Xue, L. Ren, J. Tang, L. R. Leung, H. Liao, Aerosols overtake greenhouse
gases causing a warmer climate and more weather extremes toward carbon neutrality.
Nat. Commun. 14, 7257 (2023).

63. Y.Tian,Y.Zhang, D. Zhong, M. Zhang, T. Li, D. Xie, G. Wang, Atmospheric energy sources for
Winter Sea Ice variability over the North Barents—Kara Seas. J. Climate 35, 5379-5398 (2022).

64. S.Zhou, A. P.Williams, B. R. Lintner, A. M. Berg, Y. Zhang, T. F. Keenan, B. |. Cook,
S.Hagemann, S. . Seneviratne, P. Gentine, Soil moisture-atmosphere feedbacks mitigate
declining water availability in drylands. Nat. Clim. Chang. 11, 38-44 (2021).

65. J.Sun, K.Yang, X. He, G.Wang, Y. Wang, Y. Yu, H. Lu, Causal pathways underlying global
soil moisture—precipitation coupling. Nat. Commun. 16, 8935 (2025).

66. S.lJiang, L.Tarasova, G. Yu, J. Zscheischler, Compounding effects in flood drivers challenge
estimates of extreme river floods. Sci. Adv. 10, eadl4005 (2024).

67. J.D.Toms, M. L. Lesperance, Piecewise regression: A tool for identifying ecological
thresholds. Ecology 84, 2034-2041 (2003).

68. A.J.Teuling, R. Uijlenhoet, P. A. Troch, On bimodality in warm season soil moisture
observations. Geophys. Res. Lett. 32, L13402 (2005).

Acknowledgments

Funding: This work was supported by the following: German Federal Ministry for Education
and Research (BMBF) via ClimXtreme project (subproject PERSEVERE, phase 2nd, grant no.
01LP2322D) (Y.T. and K.K.), Carl Zeiss Foundation, Carl Zeiss Stiftung Independent Research
Group on High-End Climate Risks (K.K.), the HORIZON-RIA project PREVENT (grant no.
101081276) (Y.T.), the funding from USMILE European Research Council (ERC CU18-3746) (J.L.
and Y.H.), and NSF Science and Technology Center (STC) Learning the Earth with Artificial
Intelligence and Physics (LEAP) (award no. 2019625) (Y.H. and P.G.). Author contributions:
Conceptualization: Y.T. and K.K. Formal analysis: Y.T. Funding acquisition: K.K. and P.G.
Investigation: Y.T. and K.K. Methodology: Y.T,, Y.H., J.L, KK, and PG. Supervision: K.K. Validation:
Y.T.and J.L. Visualization: Y.T. Writing—original draft: Y.T. Writing—review and editing: Y.T,, Y.H.,
J.L, KK, and PG. Competing interests: The authors declare that they have no competing
interests. Data, code, and materials availability: All input data sources used in this study are
referenced in Materials and Methods and publicly available. ERA5-land and ERAS reanalysis
datasets are available from the Climate Data Store (https://doi.org/10.24381/cds.adbb2d47,
https://doi.org/10.24381/cds.bd0915¢6, and https://doi.org/10.24381/cds.e2161bac). E-OBS
datasets are available from the Copernicus Climate Change Service (https://surfobs.climate.
copernicus.eu/dataaccess/access_eobs.php); CMIP6 coupled models outputs are available
from the ESGF portal (https://aims2.linl.gov/search/cmip6/). Output from the Community
Earth System Model Version 2 Large Ensemble community project (CESM2-LE2) is available
from the National Center for Atmospheric Research (NCAR) Climate Data Gateway at www.
cesm.ucar.edu/community-projects/lens2/data-sets. All data and code needed to evaluate and
reproduce the results in the paper are present in the paper and/or the Supplementary
Materials. This study did not generate new materials. The codes for the XAl calculation are
available at https://doi.org/10.5281/zenodo.22517188.

Submitted 9 April 2026
Accepted 1 October 2026
Published 6 November 2026
10.1126/sciadv.aeh9111

16 of 16

9202 ‘ZT eqUSAON U0 UISUIT 18]V }ieds)jeyosusss i Te B.10°90Us s Mmw/:sany woJy pepeojumod


https://doi.org/10.24381/cds.adbb2d47
https://doi.org/10.24381/cds.bd0915c6
https://doi.org/10.24381/cds.e2161bac
https://surfobs.climate.copernicus.eu/dataaccess/access_eobs.php
https://surfobs.climate.copernicus.eu/dataaccess/access_eobs.php
https://aims2.llnl.gov/search/cmip6/
http://www.cesm.ucar.edu/community-projects/lens2/data-sets
http://www.cesm.ucar.edu/community-projects/lens2/data-sets
https://doi.org/10.5281/zenodo.22517188

Science Advances

Three-way circulation—soil moisture—temperature feedbacks amplify the most
extreme mid-latitudinal heat waves

Yinglin Tian, Jiangong Liu, Yu Huang, Pierre Gentine, and Kai Kornhuber

Sci. Adv. 12 (45), eaeh9111. DOI: 10.1126/sciadv.aeh9111

View the article online

https://lwww.science.org/doi/10.1126/sciadv.aeh9111
Permissions

https://lwww.science.org/help/reprints-and-permissions

Use of this article is subject to the Terms of service

Science Advances (ISSN 2375-2548) is published by the American Association for the Advancement of Science. 1200 New York Avenue
NW, Washington, DC 20005. The title Science Advances is a registered trademark of AAAS.

Copyright © 2026 The Authors, some rights reserved; exclusive licensee American Association for the Advancement of Science. No claim
to original U.S. Government Works. Distributed under a Creative Commons Attribution License 4.0 (CC BY).

9202 ‘ZT eqUSAON U0 UISUIT 18]V }ieds)jeyosusss i Te B.10°90Us s Mmw/:sany woJy pepeojumod


https://www.science.org/content/page/terms-service

	Three-way circulation–soil moisture–temperature feedbacks amplify the most extreme mid-latitudinal heat waves
	INTRODUCTION
	RESULTS
	An explainable ML framework with multilevel validation
	Threshold-dependent behavior of the Z500-SM-T interactions
	Three-way interactions amplify the most extreme heat waves across humid mid-latitudes when passing critical thresholds
	Underestimation of three-way interactions in models linked to biased soil-moisture dynamics

	DISCUSSION
	MATERIALS AND METHODS
	Datasets and data preprocess
	Definition of summer heat-wave event and heat-wave period
	Explainable machine learning
	Quantification of nonlinearity
	Algorithmic robustness across datasets, ML algorithms, and prediction directions
	Robustness to predictor selection
	Statistical robustness of nonlinearity assessment
	Bootstrap resampling
	Likelihood-ratio test
	Segmented slope-difference testing
	Sample-size effect assessment

	Independent physical diagnostics
	Critical soil-moisture threshold
	Surface energy-balance attribution
	Prescribed land-condition experiments

	Association between contributors and the upper-tail width of the temperature distribution
	Spatial division based on model bias in heat-wave changes
	Estimating soil-moisture decline rate

	Supplementary Materials
	This PDF file includes:

	REFERENCES
	Acknowledgments


