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Abstract Heat extremes have become a major health hazard around the world. Understanding their
mechanisms remains a major challenge because the physical drivers interact in a nonlinear way. Here we
introduce a globally perturbed reforecast framework driven by the Neural general circulation model
(NeuralGCM). Sensitivity reforecast experiments that independently remove initial condition anomalies over
spatially distinct patches identified the high impact regions (HIRs) for the record‐breaking August 2022 South
China heatwave (SCH22) in Europe and North America (NA) through changes in forecast skill, which are
further confirmed by dynamic diagnostics. Forecasts initialized using anomalies only from HIRs covering just
25% of the global domain successfully reproduce the evolution and spatial pattern of SCH22. These findings can
also generalize to another AI‐based weather model FuXi. Our proposed framework helps to improve
accessibility to global‐scale diagnostic for extreme events with robust results.

Plain Language Summary In August 2022, South China (SC) experienced an extreme heatwave
that threatened human health and caused substantial property damage. Here we use an AI weather prediction
model NeuralGCM to find globally where are the regions that have the largest impact to the extreme
heatwave. NeuralGCM well predicted the extreme high temperature in SC, and the related physical processes
like air sinking and cloud feedback. We did 24 groups of sensitivity experiments, and compared to the
control prediction to show that, the heatwave was influenced by a relay‐like sequence. Local forcings
dominated at 0–5 days, European anomalies affected the intermediate stage, and North American anomalies
contributes to its intensification. With initial conditions from these high impact regions (HIRs) only,
NeuralGCM can well reconstruct the extreme heatwave in SC, and these results can be confirmed by another
AI model FuXi.

1. Introduction
Extreme weather events, most notably heatwaves (Domeisen et al., 2023; Stott et al., 2004; Thompson
et al., 2023; Zhang et al., 2023) and heavy rainfall (Boers et al., 2019; Dong et al., 2021; Patricola & Weh-
ner, 2018), have become more frequent and intense in recent decades in multiple parts of the world, often with
devastating societal, health, and economic impacts (Liang, 2022; Seneviratne et al., 2023; Smiley et al., 2022).
Robust and clear understanding of their possible causes is therefore critical, not only for advancing our science but
also for adaptation and decision makers (Bellprat et al., 2019; Hai & Perlman, 2022; Mora et al., 2017; Newman&
Noy, 2023). However, it usually requires a far greater focus on individual events, rather than the less focused
assessment of general extremes (Blanchard‐Wrigglesworth et al., 2023; Leach et al., 2021). This requires
reproducing multiple simulations of a specific event to assess uncertainty, whether through statistical analyses,
dynamical diagnostics (Xu & Liang, 2020; Zhang et al., 2024; Zheng & Wang, 2021) or targeted sensitivity
experiments (Di Capua et al., 2021; Touma et al., 2021; Wang et al., 2021).

One such event requiring a concerted effort occurred in August 2022: an extreme heatwave in South China
(SCH22), the most prolonged and intense August heatwave since 1961, with monthly mean 950 hPa and near‐
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surface temperatures of 28.3°C and 28.6°C, respectively (Figure 1a), both exceeding an unprecedented two
standard deviations above the historical mean and corresponding to return periods of ∼167 and ∼500 years
(Figure S1 in Supporting Information S1). During its development phase, anomalies of the daily 950 hPa tem-
perature increased sharply from 2.6°C on August 2nd to approximately 5°C by the 13th (Figure 1b), persisting
until the 23rd (Figure S2b in Supporting Information S1). 360 million people experienced daily maximum
temperatures above 40°C, and roughly 1.48 million km2 in China underwent moderate to severe drought, causing
economic losses exceeding ¥51.2 billion (Lu et al., 2024; Mallapaty, 2022). Previous studies have linked this
event to anthropogenic warming (Gong et al., 2024; Ma et al., 2024), land‐atmosphere feedbacks (Fu et al., 2024;
Wang et al., 2023), and remote sea surface temperature (SST) anomalies in the Pacific, Indian, and even Atlantic
Ocean via Rossby wave trains (Jiang et al., 2023; Ma et al., 2024; Ma et al., 2023; Tang et al., 2023). These studies
provided a comprehensive research paradigm by combining statistical methods and model experiments. None-
theless, such monthly mean, quasi‐stationary features alone are insufficient in explaining the rapid intensification.
Fundamental questions remain about the precursors heralding such an unusual heatwave. In particular, the relative
causative roles of differing parts of the world on specific stages of the event.

To identify the high impact regions (HIRs) of an extreme event, one convincing way is using forecast‐based GCM
sensitivity experiments to identify the potential roles of specific regions. It inherently preserves causal re-
lationships and avoids the ambiguities of accurately representing a specific extreme event in large ensembles of
climate model simulations (Leach et al., 2021; Lin et al., 2022; Pyrina & Domeisen, 2023). Recent advances in
artificial intelligence (AI)‐driven weather models offer a pathway forward to globally resolving the HIRs
(Jiménez‐Esteve et al., 2025; Tradowsky et al., 2023; Vonich & Hakim, 2024). While most current AI models are
purely data‐driven and exhibit physical inconsistencies to some extent, NeuralGCM integrates a differentiable
dynamical core with learned physics modules (Kochkov et al., 2024), thereby improving physical fidelity and
enhancing the reconstruction of extreme events (Meng et al., 2026). In this study, we propose a reforecast‐based
framework using NeuralGCM to determine the HIRs of extremes. First, we evaluate the skill of NeuralGCM at
reforecasting extreme heatwaves by a control reforecast experiment initialized by observed anomalies. Next, we
conduct a suite of regional‐conditioned sensitivity experiments to systematically assess their influence on the
event's evolution. We identify a set of HIRs that most strongly influence event onset and development, which are
subsequently validated in a follow‐up reforecast experiment initialized solely with the anomalies in the HIRs.
Finally, we perform a dynamical analysis to elucidate the mechanisms that underlie both the local triggering and
subsequent remote amplification. A schematic diagram summarizing the AI‐model‐based prediction framework
is shown in Figure S3 of Supporting Information S1.

2. Data and Methods
2.1. Data

Hourly 950 hPa temperature and 200 hPa geopotential fields of August 2022 are obtained from the ERA5
reanalysis (Hersbach et al., 2023a, 2023b) with daily averages calculated at 6‐hr intervals. Climatological
baselines are monthly means of August spanning from 1981 to 2010. Initial conditions used for inference are from
Analysis‐Ready, Cloud Optimized (ARCO) ERA5. All data in this study are interpolated onto the 1.4° grid of
NeuralGCM for comparison.

2.2. Methods

2.2.1. NeuralGCM Configuration and Control Prediction

Neural general circulation model (NeuralGCM) is a fully differentiable, hybrid atmospheric GCM featuring a
differentiable dynamical core for solving the discretized governing dynamical equations and a learned physics
module that parameterizes physical processes with a neural network. Pre‐trained 1.4° horizontal resolution
deterministic checkpoint is used in this study (Kochkov et al., 2024), and we test the robustness of our results
based on FuXi cascaded machine learning model (Chen et al., 2023, Text S1 in Supporting Information S1).

The control prediction in this study is initialized at 00:00 UTC on 2nd August 2022, and integrated at 6‐hourly
timesteps to 18:00 UTC on 16th August 2022. This time period falls entirely outside of the training and evaluation
period of NeuralGCM. Results from August 2nd–13th are selected and aggregated to daily means for further
analysis.
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2.2.2. Twenty‐Four Regional‐Conditioned Sensitivity Experiments

The Northern Hemisphere domain (30°S–90°N, 0°–360°E) is equally partitioned into 24 regions (60° longi-
tude × 30° latitude; Figure 2a). In each sensitivity experiment (denoted as exp‐n), all anomalies in the initial
conditions of the 37‐level inputs and sea surface forcings within a single domain are replaced with their
climatological values, and forecast for the subsequent 15 days. The regional impact (RI) of each region is defined
as the difference of spatial mean 950 hPa temperature anomaly over the SC domain (104°–122°E, 25°–35°N)
between the sensitivity experiment and the control forecast. A bootstrap test with replacement (10,000 resam-
ples), assuming independent samples, is used to assess whether the period‐mean RI is significantly different from
zero at the 95% confidence level. We also used the IPCC climate reference regions (Iturbide et al., 2020) to test the

Figure 1. Spatiotemporal features of SCH22 and the NeuralGCM prediction. (a) 1961–2022 SC average temperature in August from ERA5 monthly reanalysis (blue:
950 hPa temperature; red: 2 m surface temperature). (b) 950 hPa temperature anomaly sequence of SC (red boxes in c‐g) from ERA5 reanalysis (red) and NeuralGCM
prediction (blue). Yellow dashed line is the prediction error. 950 hPa temperature anomaly (shading) and 200 hPa geopotential anomaly (contour) averaged fromAugust
2nd–13th of (c) ERA5 reanalysis and (d) NeuralGCM prediction. ACC is the spatial correlation of 950 hPa temperature anomalies relative to the August climatology
(1981–2010), and RMSE of 950 hPa temperature anomalies is averaged from August 2nd–13th. NeuralGCM prediction averaged from August 2nd–13th of (e) 200 hPa
horizontal wind divergence (shading) and geopotential anomaly (contour), (f) 500 hPa specific humidity anomaly, and (g) 500 hPa specific cloud liquid water content
(shading) and specific cloud ice water content (contour).
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robustness of our results by accounting for key climate regions (Text S2 and Figures S4 and S5 in Supporting
Information S1).

2.2.3. Dynamic and Thermodynamic Decomposition

To isolate dynamic versus thermodynamic contributions in adjacent regions 8, 9, and 15, we conduct two sup-
plemental sets of experiments. In dynamic‐only runs, temperature, specific humidity, specific cloud ice water
content, and specific cloud liquid water content in the initial conditions are set to climatology, while in
thermodynamic‐only runs, horizontal winds and geopotential in the initial conditions were set to climatology at
initialization, to make the forecast as in the control prediction. It should be noted here that we separate the
dynamical and thermodynamical processes solely in the sense of their effect from initialization only. No changes
in the actual model are made.

2.2.4. Forecast With Only HIRs

High impact regions (HIRs) of SCH22 are defined as regions that have significant impact on the temperature
anomalies of SC. To confirm the decisive impact of HIRs on SCH22, we design two additional forecast ex-
periments. For HIRs prediction (Figure 3c), anomalies of initial conditions are restricted in HIRs (local regions 8,
9, 14, and 15, and remote regions 1, 2, 6, 11, and 12), which represent about 25% of the globe, while all the rest of

Figure 2. Regional division of 24‐grid sensitivity experiments and the impact to SCH22 from adjacent regions in 0–5 days (a) Region division (red text: numbering) and
their RI (black text, °C) on SC (red box) averaged from August 2nd to 7th (inclusive). Dotted regions indicate exceeding the 95% confidence level. (b) Temporal
evolution of RIs (°C) in regional conditioned, dynamic‐only, and thermodynamic‐only sensitivity experiments (c‐k) Maps corresponding to panel (b), of impacts on
950 hPa temperature anomalies (shading) and 200 hPa geopotential anomalies (contours) averaged from August 2nd to 7th.
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the globe is kept climatology. For no‐HIRs prediction (Figure 3d), anomalies of initial conditions are eliminated
in HIRs, while the rest of the globe keeps initial anomalies.

3. Results
3.1. NeuralGCM Predictions of the 2022 South China Heatwave

Initialized from August 2nd, NeuralGCM skillfully reproduces both ERA5's temporal evolution (Figure 1b) and
spatial structure (Figure 1d) of the heatwave. Errors in its daily 950 hPa temperature anomalies remain less than
1°C for the first 10 days of the simulation (Figure 1b), with a spatial anomaly correlation coefficient (ACC) of
0.91 (Figures 1c and 1d) and root‐mean‐square error (RMSE) of 1.25°C. The model captures a high‐pressure
anomaly north of the Tibetan Plateau over North and East China, accompanied by anomalous warming
centered over North China and a stronger, broader center over East‐Central China, in close agreement with
observations (Figures 1c and 1d).

In the upper troposphere, strong wind convergence over SC drives robust subsidence (Figure 1e), which would
yield anomalously dry conditions below. Although care should be taken in interpreting physical processes from a
model whose parametrizations are predominantly statistically learned, our results show that NeuralGCM does
appear to reproduce real‐world physics remarkably well. The adiabatic subsidence and drying (Figure 1f), for
example, does appear to suppress cloud formation and impact the expected cloud‐radiative processes, with
corresponding reductions in both specific cloud liquid and ice water content (Figure 1g). The resulting decrease in
cloud cover would increase the incoming shortwave radiation reaching the surface, further amplifying its
warming. The forecast skill of NeuralGCM declines naturally after August 13th due to the absence of oceanic and
land‐surface coupling.

Figure 3. Impact from remote regions to SCH22 in 6–11 days and HIRs/no HIRs predictions. (a) As in Figure 2a, but averaged from August 8th to 13th. (b) Daily
temperature anomaly in SC from control prediction (red), removing region 2 (blue), and region 11 (orange) from August 2nd to 13th. (c–e) The same as in Figure 1d, but
predicted from initial anomalies of (c) HIRs (adjacent regions 8, 9, 14, and 15, and remote regions 1, 2, 6, 11, and 12); (d) the remaining regions; and (e) HIRs derived
from composite analysis. ACC and RMSE are relative to the control prediction. Red box denotes SC region.
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3.2. Identification of Local Drivers Through Sensitivity Experiments (0–5 Days)

Leveraging NeuralGCM's good predictive ability, we conduct 24 sensitivity experiments to find where are the
regions that has the greatest impact on the predicted temperature anomalies over SC. Averaged over the first 0–
5 days, regions 8, 9, and 15 clearly induce the greatest RI (− 0.35, − 0.40, and − 0.43°C, respectively; Figure 2a),
indicating that early stage heatwave growth is chiefly driven by relatively local, rather than remote, thermody-
namic and dynamic processes. A transition of dominant regions from adjacent regions to remote regions can be
observed in the daily results (Figures S6a–S6f in Supporting Information S1) on August 7th–8th, which is also
consistent among different schemes (Figure S4 in Supporting Information S1), and further confirmed by
considering key climate zones following the IPCC climate reference regions (Figure S5 in Supporting
Information S1).

Removing these adjacent region initial anomalies also induce negative 200 hPa geopotential anomalies and
reduced 950 hPa temperatures (Figures 2c–2i). Specifically, removing anomalies over regions 8 and 9 induces a
cyclonic anomaly over North China, extending its influence southwards to East‐Central China, resulting in
negative temperature anomalies there (Figures 2c and 2f). Similarly, initializing without the observed anomalies
over the Northwest Pacific (region 15) generates a cyclonic anomaly from the Yangtze River to SC, and also leads
to corresponding cooling (Figure 2i). This highlights that the Northwest Pacific not only modulates seasonal mean
conditions but can also influence the synoptic evolution of heatwaves. Further decomposition into “dynamic‐
only” and “thermodynamic‐only” experiments (see Methods) shows that the RI from region 8 is predominantly
thermodynamic (Figure 2b, top panel, Figures 2d and 2e), while from region 9, it is initially strongly thermo-
dynamic but then dynamic (Figure 2b, middle panel, Figures 2g and 2h). From region 15, it is mainly dynamic
(Figure 2b, bottom panel, Figures 2j and 2k).

3.3. Teleconnected Effects From Remote HIRs (6–11 Days)

At longer lead times (6–11 days), remote teleconnections appear to have dominated the heatwave's development
with sequential influences from key remote sectors (Figures S6g–S6l in Supporting Information S1, Figure 3a).
Averaged over August 8th–13th, European regions 1 and 2 contribute 1.16°C and 1.94°C to the heatwave, while
NA regions 6, 11 and 12 contribute 1.47°C, 1.61°C and 1.09°C (Figure 3a). Figure 3b shows how the initialization
of 2 of the 24 experiments can impact the rate of the heatwave's development with time. For these, in which
regions 2 and 11, respectively, are initialized from climatology, the heatwave's development stalled after August
7th with the peak associated with local processes, demonstrating the essential role of Europe and NA in the
heatwave's growth. A similar phenomenon can also be seen in regions 1, 6, and 12, while impact from other
regions is nearly negligible (Figure S7 in Supporting Information S1). More specifically, the European impact
appears earlier. Without the initial anomalies in region 2 (blue line in Figure 3b), SC cools sharply after August
7th but warms again on and after 10th, notably coinciding with a change in the control run also on the 10th,
suggesting that region 2 has an outsized role in the heatwave during this period. This differs, interestingly, from
the cooling impact from NA, which becomes even more prominent after 10th. Together with the earlier findings,
these results indicate that the heatwave in SC is strongly influenced by a relay‐like sequence of a combination of
drivers from local forcings at short leads (0–5 days), European anomalies during intermediate stages (∼5–8 days),
and NA anomalies during the intensification phase (∼8–11 days), reflecting a gradual reorganization of the large‐
scale atmospheric circulation and the delayed emergence of remote teleconnection influences rather than an
abrupt change. Correspondingly, concurrent heatwaves are observed over Europe, SC, and NA both in monthly
mean and the initial condition at 0:00 August 2nd, and also follow this sequence on the daily timescale (Figure S2
in Supporting Information S1). Impact from Europe and NA are test robust among different schemes, however, it
should be noted here that Tibetan Plateau also showed strong and significant impact when examined in isolation,
whose impact may be weakened by the uniform regional division (Figures S5b, S3a, S4b, S4d in Supporting
Information S1).

Given the clearly strong roles of the European and NA regions shown above, we now identify these remote HIRs
and examine their combined impact on SC. We do this by running two additional global simulations of Neu-
ralGCM: one with the initial conditions maintaining anomalies only in the regions discussed above (the adjacent
regions 8, 9, 14, and 15, and the remote regions 1, 2, 6, 11, and 12) and one with the initial conditions maintaining
anomalies in the rest of the world. The first gives a prediction (Figure 3c) with an ACC of 0.74 and RMSE of
1.63°C relative to the control run, with the heatwave positioned in an almost identical location, but of slightly
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reduced amplitude and spatial coverage. This is comparable to the predictions initialized on HIRs identified by
composite analysis covering almost the entire globe north of 20°N (Figure 3e). The corresponding geopotential
anomaly over Northwest China is also very well reproduced by the new prediction. The prediction skill beyond 0–
5 days declines as the initial anomaly field shrinks (Figure S8 in Supporting Information S1). In contrast, the
second new prediction fails to capture either the intensity or spatial pattern of the heatwave (Figure 3d). An
independent set of experiments (Figure S9 in Supporting Information S1) using the FuXi AI model also gives
similar results, indicating that the impacts of the regions mentioned above are robust.

3.4. Synoptic Reasoning

We now turn our attention to examining possible reasons for the strong role that conditions over Europe and NA
appeared to play in the SCH22. To do this, we focus again on the two regionally conditioned NeuralGCM runs (2
and 11) that appeared to produce the greatest remote roles in the August 8th–13th part of the heatwave.
Figures 4a–4d gives maps of the 200 hPa geopotential anomaly for these as well as their departure from the
anomaly given by the control run (Figure S10a in Supporting Information S1). A very clear wave train spans
multiple continents (Figures 4a–4d, Figure S10 in Supporting Information S1), whose energy generally

Figure 4. Physical mechanisms linking remote HIRs to SCH22. 200 hPa geopotential anomaly (shading) and T‐N wave‐activity flux (WAF, Takaya & Nakamura, 2001,
Text S3 in Supporting Information S1) (vector) averaged over August 8th–13th of (a) removing region 2, and (b) removing region 11. 200 hPa geopotential anomaly
(shading) in control prediction (Figure S10a in Supporting Information S1) minus (c) removing region 2, and (d) removing region 11, respectively. (e–j) Same as in
Figures 1e–1g, but averaged over August 8th–13th of (e–g) control prediction minus removing region 2, and (h–j) control prediction minus removing region 11.
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propagates to the east with influences on the SC region from the northwest. A similar phenomenon can also be
seen in regions 1, 6, and 12 (Figure S11 in Supporting Information S1).

Comparing the wave train anomalies of these two runs with those (not shown) of the other 22 regionally
conditioned runs suggests that anomalies over both Europe and NA worked in tandem to excite a wave‐like
pattern, supporting the formation of the anti‐cyclonic anomaly over eastern Asia (Figures 4a and 4b).
Compared to the control run, the two shown in Figures 4a and 4b also exhibit strong upper‐level convergence
centered northeast of SC, together with negative specific humidity anomalies and reductions in cloud liquid and
ice water content (Figures 4e–4j). These local feedbacks also mirror those seen in the full reforecast experiments
(Figures 1e–1g) and demonstrate how teleconnection‐induced circulation patterns excited by anomalies in spe-
cific regions can directly support the development of heatwaves in SC. Simulations with the FuXi model yield
nearly identical results (Figure S12 in Supporting Information S1), underscoring the robustness of our framework.

4. Summary and Discussion
Using a cost‐effective hybrid dynamical‐machine learning weather model NeuralGCM, we present an AI enabled
framework designed to easily identify which regions of the world had the greatest influence on the development of
an extreme heatwave in SC in August 2022. We have illustrated that local thermodynamic and dynamic processes
played the greatest role early stage (0–5 days), consistent with prior case studies emphasizing local land‐
atmosphere interactions (Gong et al., 2024; Ma et al., 2024). Influences from as far afield as Europe and NA,
however, played an outsized role in prolonging the extreme conditions. By defining these key regions as HIRs, we
show that forecasts initialized using anomalies only from these HIRs, which cover just 25% of the global domain,
successfully reproduce the evolution and spatial pattern of the heatwave.

These findings complement observational analyses and GCM experiments linking circumglobal wave trains to
synchronized extremes (Barriopedro et al., 2023; Ding&Wang, 2005; Kornhuber et al., 2019; Rogers et al., 2022;
Saeed et al., 2014; Wang et al., 2017), and uniquely provide a predictive, event‐specific detection of precursors
and quantification of remote influences. Our diagnosing approach can serve as an additional method compared to
studies based on the predicting limitation (Vonich & Hakim, 2024), showing potential for AI model evaluation
and improving forecast. We hope that this diagnostic framework can be generalized to other heatwave studies and
further contribute to an improved understanding of heatwave‐related compound extreme events and their
adaptation strategies (Tripathy et al., 2023).

Despite these promising advances, some limitations do remain. Although NeuralGCM is test reliable to replicate
extreme events (Jiménez‐Esteve et al., 2025; Meng et al., 2026), it does not yet incorporate fully coupled ocean,
land, and atmosphere processes, which may underestimate feedbacks operating at subseasonal to seasonal
timescales or overlook interactions with sea ice and large‐scale modes such as the Madden‐Julian Oscillation
(Coumou et al., 2018; Matsueda & Takaya, 2015; Zhang et al., 2020). Extending this framework with coupled
ocean‐land models and higher‐resolution physics could improve the representation of these processes. This
framework is also limited to diagnosing synoptic‐scale extreme events due to the ability that AI weather forecast
model used in this study can only provide reliable forecast for up to 15 days, and still depends on the selection of
initial conditions from reanalysis. The 1.4° deterministic model checkpoints lacks a representation of forecast
uncertainty compared to stochastic model or ensemble forecast. Additional work is required to address this
limitation, which may bias the magnitude of the RI and potentially alter the ranking among HIRs, however, the
HIRs are robustly confirmed by dynamical analysis. And the current uniform regional division may weaken the
influence of some small but dynamically important areas like the Tibetan Plateau. Our goal is to provide a rapid
and efficient diagnostic for an existing extreme by identifying the regions most responsible for its development,
rather than locating where initial perturbations take place can make it most likely to happen, which is the aim of
seeking optimal perturbations. Future work remains to learn from nonlinear dynamical methods like the condi-
tional nonlinear optimal perturbation (CNOP) method (Duan et al., 2023; Mu et al., 2003) to improve early
warning skill for vulnerable areas and help guide the design of adaptive climate strategies in a warming world.
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