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Abstract. Extreme events are responsible for some of the most severe impacts of

climate change, but regional extreme event prediction remains a challenge as the

events contain a large amount of stochasticity. Here we demonstrate an approach

for predicting future summertime temperature extremes on decadal timescales by

first identifying an abrupt jump in average summertime temperature as a covariate

of extreme summertime temperatures, and then showing that these jumps can be

predictable. We train a convolutional neural network (CNN) on historical and

future global climate simulations to predict a confidence that future five-year mean

summertime temperatures will jump above a hot threshold given maps of recent

sea surface temperature variability and the global warming level. We show that

in most land regions, the CNN outperforms a classifier that relies solely on the

forced temperature response, implying that information about the prior 10-year

SST variability improves the CNN’s prediction skill and confidence. We input the

observational record into the CNN as independent unseen data and observe some skill,

with investigation revealing that this skill is driven by the CNN learning conditions that

best suppress summertime temperature jumps. Our study emphasizes the importance

of targeted methodology for diagnosing extreme event predictability, and demonstrates

that future predictions of extremes can be improved by considering the prior 10-year

SST variability, rather than just the forced response to global warming.
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1. Introduction

Climate change is causing mean state changes in the climate system, including increases in

temperature and atmospheric water vapor, accompanied by increases in the frequency and

intensity of extreme climate events [Meehl et al., 2000; Fischer et al., 2021; Seneviratne et al.,

2021]. Extreme events are among the most directly harmful and costly aspects of climate

change, evident through their effects on human health, agriculture, and critical infrastructure

[Ebi et al., 2018; Field et al., 2012; White et al., 2023]. Predicting regional extreme events

on actionable timescales is therefore crucial for climate change adaptation planning [Dunstone

et al., 2022]. Climate models can be used to examine the distribution of possible changes in the

frequency of extreme events for particular levels of warming [Seneviratne et al., 2021]. However,

it is difficult to accurately predict the occurrence of extreme events on multi-year timescales

beyond the average increase we expect from climate change [Eade et al., 2012; Delgado-Torres

et al., 2023], and forecast skill for an extreme in regional monthly average temperatures likely

lasts no longer than a year after forecast initialization [Becker et al., 2013]. This difficulty

arises because specific combinations of oceanic, land surface and meteorological conditions are

required for an extreme event to occur on top of the background warming trend [Trenberth

et al., 2015; Rupp et al., 2017]. These natural variations in the climate system, often called

“internal climate variability”, dominate the uncertainty in future climate outcomes on 5-10

year timescales, particularly on regional spatial scales [Hawkins and Sutton, 2009; Lehner

et al., 2020]. To accurately predict the probability or occurrence of an extreme event therefore

requires identifying and predicting the shifts in internal variability that are most likely to lead

to a regional extreme event.

Approaches to investigating predictable variability traditionally involve generating a

hindcast ensemble of the historical record by initializing a global climate model (GCM) to

an approximate estimate of prior climate states, and evolving the GCM forward to examine

how well its prediction captures prior variability. These initialized forecasts can be compared

with an accompanying “uninitialized” ensemble of the historical period to examine what

predictive skill is attributable to the GCM’s initialization (i.e. how well it captures near-

term internal variability) or merely to the GCM correctly predicting the climate response

to historical anthropogenic emissions [Boer et al., 2016; Meehl et al., 2021]. While these

methods show power in understanding predictability particularly in the ocean, it is more

difficult to quantify the predictability of extreme events because they are by definition rare.

Furthermore, initialization biases a GCM away from its climatology, leading to unphysical

behavior for the first years of an integration (which must be corrected) [Meehl et al., 2022].

Evidence also suggests that GCM hindcasts inherently contain an unrealistically low fraction

of predictable variability, though the causes are debated [e.g., Eade et al., 2014; Smith et al.,

2019; Zhang and Kirtman, 2019]. Thus, while prior investigation of the predictive skill of

extreme temperature and precipitation attribute much skill to the GCM correctly predicting

the response to greenhouse gases in the historical period [Delgado-Torres et al., 2023], this is

likely a lower estimate for the predictable variability in the real climate system.

Continued hope for decadal prediction of extreme events lies in more tailored

methodologies which take hypothesis-based approaches to test the predictability of climate

conditions that may best constrain the likelihood of some indicator of climate extremes. For

example, by linking the probability of temperature extremes to an atmospheric Rossby wave

pattern driven by sea surface temperature variability in the North Atlantic Subpolar Gyre,

Borchert et al. [2019] demonstrate the potential skill in predicting decadal variability in heat

extremes over Europe. Across the globe, extreme events have been linked to large-scale shifts
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arising from natural variability. For example, Sahel drought has been linked to Atlantic SST

variability contributing to a shift in the background climate to a warmer and drier regime [He

et al., 2022]. Basin-wide oceanic variability in the Pacific ocean likely contributes to extreme

precipitation in East Asia, Australia, and North America[Wei et al., 2021], while summertime

heat extremes over Northern Hemisphere land regions have been linked to developing El Nino

Southern Oscillation (ENSO) conditions [Arblaster and Alexander, 2012; Luo and Lau, 2020].

Theoretically, a large-scale shift in internal variability may therefore coincide with an abrupt

increase in the risk of experiencing an extreme event.

Recent innovations in machine learning have by-passed the issues of initialization shock

and underestimated predictable variability that are inherent to GCM hindcast ensembles.

By directly training machine learning models on GCM data, and using the trained models

to predict the observational record, prior work has shown that there is predictable internal

variability in the ocean throughout the observational period. Notably, while trained on

imperfect climate model data, these machine learning models are able to capture predictable

variability in the observed historical record, even though observations are “unseen” by the

trained models [Davenport et al., 2024; Gordon and Diffenbaugh, 2025]. Further research

investigating predictability in GCMs under elevated greenhouse gas forcing demonstrates

that internal variability still provides a substantial fraction of predictable variability [Gordon

et al., 2023], implying that future greenhouse gas forcing will not immediately overwhelm the

potential predictive skill provided by internal variability.

In this study, we design a machine learning-based method for predicting a covariate of an

extreme heat event on multi-year timescales: We hypothesize that an abrupt jump in regional

average summertime temperatures coincides with an enhanced likelihood in the occurrence of a

multi-day heat event, because when the underlying temperature distribution is shifted warmer,

extreme events are more likely to occur. We also hypothesize that, because summertime

temperature variability is tied to large-scale, low frequency internal variability [Arblaster and

Alexander, 2012; Luo and Lau, 2020], jumps in average summertime temperatures over a

multi-year period can be predictable. Therefore, we first verify that jumps in average regional

summertime temperatures coincide with a local increase in the likelihood of experiencing a

multi-day temperature extreme in GCM data. Then, motivated by the success of prior studies

using machine learning to predict climate variability on multi-year timescales, we examine

the predictability of such summertime warming jumps in both GCM output and historical

reanalysis using a convolutional neural network.

2. Materials & Methods

2.1. Global Climate Model (GCM) data

We use GCM data from multiple large single-model ensembles, along with their associated

future warming scenarios (see Table 1). We select large ensembles with at least 25 members in

both the historical period (from at least 1920 onwards) and a corresponding future warming

scenario to enable training the neural networks across many realizations of the physical climate

system under historical forcing and scenarios of the future. The GCMs were chosen as those

that matched these criteria. We use up to 30 members to avoid over-representing any one GCM

in the CNN training and results. We also combine SSPs in the training set to allow the CNNs

to see a diverse representation of the future climate. We examine the CNN’s performance on

each specific GCM and corresponding SSP in section 3.4.

We use sea surface temperature (SST) bilinearly regridded to 4◦ × 4◦ resolution, and



Machine learning predictions of summertime warming jumps on decadal timescales 4

Table 1. Individual GCMs with their associated climate change scenarios, variables,

number of members used, and citation.

GCM SSP Variables Number of

members

used

Reference

ACCESS-ESM1-5 SSP 2-4.5 tas, tos 30 Ziehn et al. [2020]

CanESM5 SSP 5-8.5 tas, tos, tasmax 25 Swart et al. [2019]

CESM2 SSP 3-7.0 tas, tos, tasmax 100 Rodgers et al. [2021]

GFDL-SPEAR SSP 5-8.5 tas, tos, tasmax 30 Delworth et al. [2020]

MIROC6 SSP 5-5.5 tas, tos, tasmax 30 Tatebe et al. [2019]

MPI-ESM1-2–LR SSP 5-8.5 tas, tos, tasmax 30 Olonscheck et al. [2023]

2 m air temperature averaged to 10◦ × 10◦ degree boxes for land grid points. Grid points

with greater than 20% ocean coverage are not considered land points. We also calculate the

global mean temperature (GMT) anomaly within each ensemble member by first calculating

the annual mean timeseries of global area-weighted 2 m air temperature, and then subtracting

that particular ensemble member’s 1920-1950 GMT mean. We take this period as our baseline,

rather than the conventional 1850-1900 pre-industrial period, as GFDL-SPEAR does not

provide the full historical timeseries. We choose to generate the anomaly timeseries for

each member individually so that the CNN learns to treat each member as an independent

realization of the climate system. This choice means that observations can be easily

incorporated as an out-of-sample testing set as there is only one realization of the observational

record.

Additionally, we quantify the effect of summertime warming jumps on experiencing

multi-day average maximum temperature that exceeds recent extremes using daily maximum

and monthly mean near-surface temperatures from all 100 members of the CESM2 large

ensemble. For the daily maximum temperatures, the data are bilinearly regridded to 5◦ × 5◦

resolution and then a 3-day rolling mean is applied. We then calculate the annual maximum

3-day temperature at each grid point in each ensemble member. We define that a five year

period includes a 3-day heat event if that five-year period contains a 3-day average maximum

temperature that exceeds any 3-day average maximum temperature from the preceding 10-year

period. We also examine the co-occurrence of CNN predictions of summertime warming jumps

with 3-day heat events in GCM large ensembles. (Note that daily maximum temperature was

not accessible for all members of the ACCESS-ESM1-5 large ensemble so it is excluded from

this analysis; Table 1). We first average the GCM large ensemble data to a regular 10 × 10

grid over the land surface. We then calculate the annual maximum 3-day average maximum

temperature, and classify a 3-day heat event using the above definition (i.e., a heat event

occurs if a 3-day maximum temperature in a five year period exceeds any 3-day maximum

temperature in the prior 10 year period).

2.2. Observations & Reanalysis

We use 2 m air temperature from the ERA5 reanalysis from 1940 to 2024 [Hersbach et al.,

2020] to validate the CNN predictions in the observed climate. As with the GCM data, 2 m

temperatures are averaged to 10◦ × 10◦ boxes over land surface regions, with grid points with
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greater than 20% ocean coverage not considered. While ERA5 data quality can be impaired

prior to the satellite-era, we use large spatial (10◦ × 10◦) and temporal (5 year summertime)

averaging which reduces some of the biases.

As ERA5 data are not available prior to 1940, we compute the global mean temperature

timeseries using HadCRUTv5 and the recommended method [Morice et al., 2021] (i.e.,

computing annual mean area weighted global mean from the provided anomaly data, adding

the annual mean global mean 1961-1990 climatology, and then subtracting the 1920-1950

annual mean global mean such that the anomaly timeseries is consistent with that from the

GCM data). Finally, for SST observations, we use SST from ERSST from 1940 to 2024 [Rayner

et al., 2003], bilinearly regridded to 4◦ × 4◦.

2.3. Summertime Warming Jumps

We define a summertime warming jump as an anomalous increase in regional summertime

average 2 m air temperature relative to that region’s prior ten year average. Because this

definition is based on the difference between two consecutive periods in the local temperature

timeseries, it accounts for the recent warming experienced in a region. For each year at

each grid point, we calculate ∆T as the difference between average summertime temperature

for the prior ten years and the next five years (∆T = T̄next5summer − T̄prior10summer).

In this study, we determine a jump to have occurred for year y if ∆T exceeds the 90th

percentile of all summertime ∆T in the recent historical (1960-1990) period. Note this

baseline calculation includes 31 jumps, so the first jump is for 1960, which is calculated as

∆T1960 = T̄1960−1964−T̄1950−1959 and hence the baseline calculation includes 1950 to 1994. This

threshold is calculated for each individual grid point, climate model and ensemble member.

Following convention, summertime is defined as June-July-August in the Northern Hemisphere

and December-January-February in the Southern Hemisphere.

Figure 1a demonstrates summertime mean temperatures for Eastern Australia in ERA5,

with dots on the timeseries indicating times where a jump occurs. The grid-point-level jump

threshold averaged across all GCMs and members is shown in Figure 1b, demonstrating that

jump thresholds are lower for regions with lower amplitude interannual temperature variability

such as the tropics, and higher over midlatitude land regions where summertime temperatures

have higher amplitude interannual variability.

2.4. Convolutional Neural Networks (CNNs)

We train convolutional neural networks (CNNs) to predict the likelihood of a future jump

in average summertime temperature (Figure 1c). The architecture used here is largely based

on that from Davenport et al. [2024], which similarly used SST from a range of GCMs to

make categorical predictions on future decadal variability, with an update to the final dense

layers to incorporate the GMT input (see below). A CNN takes images of the annual mean

SST for each of the prior ten years (10 maps in total) as inputs. To standardize each set of

inputs, the average SST map is calculated for the set of 10 maps, and this average map is

subtracted from each of the individual annual mean maps, so that each grid point for each

individual input map is its anomaly from the 10 year mean. We choose this method so that

each input sample is not dependent on full GCM statistics, nor does it require information

about the true forced climate response, but the inputs still contain recent SST variability.

Note we do not include additional standardization, as this did not improve neural network

performance (Figure S1), nor did latitude weighting on the input SST maps (Figure S2). The
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Figure 1. a. Summertime temperatures in Eastern Australia in ERA5 (grey line). 10

year look back mean is in purple and 5 year look forward mean is in red. Dots indicate

where the difference between five year future summer temperature (red) and 10 year

prior summertime temperature (purple) exceed the jump threshold and therefore are

defined as a summertime temperature jump. b. Size (in ◦C) of the average jump

threshold at each grid point, defined as the 90th percentile jump size from 1950-1980,

averaged across all GCMs and all members. c. CNN schematic, 10 maps of prior 10

year SST are in put into three sets of convolution-pooling blocks and then passed to a

dense layer. The prior 10 year average GMT anomaly is also added at the dense layer.

This layer is connected to the output layer which outputs a predicted confidence that

a jump will occur
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input SST maps are passed through 3 convolutional blocks, each consisting of 3 convolutional

layers of 16 filters with a 3 × 3 kernel, followed by a 2 × 2 average pooling layer. The final

convolutional block is connected to a dense layer of 50 nodes followed by an additional dense

layer of 10 nodes. At the first dense layer, the average global mean near-surface temperature

(GMT) anomaly of the prior 10 years is also input. The CNN output layer is two nodes with a

softmax activation function such that it outputs a predicted confidence that a jump in average

summertime temperatures for a specific region will occur.

In total, 10 CNNs are trained for each output grid point with a different random seed and

a randomized subselection of GCM ensemble members into training and validation data sets.

For analysis, at each grid point we select the three CNNs with the highest accuracy on their

respective validation sets. Fifteen members of each GCM large ensemble are used for training,

eight for validation and the final seven are kept as independent testing members (except for

CanESM5, which only has two testing members due to its smaller ensemble size; Table 1).

The CNNs are trained for up to 200 epochs using categorical cross entropy loss and a batch

size of 128 using the stochastic gradient descent optimizer and early stopping when validation

loss does not decrease for 20 consecutive epochs. The initial learning rate is 0.01, which

decreases by a factor of 10 every time the validation loss does not decrease for 10 consecutive

epochs. Training time for all 10 CNNs for all global land grid points takes approximately 8

hours of wall clock time on a single NVIDIA A100 GPU.

3. Results

3.1. Summertime warming jump as a co-variate of an extreme heat event

While the frequency of extreme heat events increases in response to global warming, these

events are difficult to predict beyond weather timescales, because they require specific weather

conditions (e.g. atmospheric blocking) to occur on top of climate conditions (e.g. anomalous

SST warming and/or soil drying). We therefore begin by examining how a jump in summertime

warming affects the likelihood of experiencing a local 3-day heat event. In Figure 2a, we show,

from the CESM2 large ensemble, the probability that a 3-day heat event in a future five year

period exceeds any 3-day heat event that occurred in the prior ten years. This frequency

is calculated across all years from 1950-2090, and all ensemble members, meaning that it

includes the climate change signal. We see highest likelihoods over the tropics, indicating that

in regions where the climate change signal provides a larger fraction of the timeseries variance

the likelihood of year-on-year extreme events is higher.

To examine how jumps in summertime warming affect short-term extreme event

probability, we quantify the probability that, in the next five years, a 3-day event occurs

that exceeds any event from the prior ten years given that summertime temperatures jump by

the 90th percentile of the historical distribution (Figure 2b). Here we see that the probability

of experiencing a 3-day heat event is increased at all grid points, implying that the abrupt

warming of summertime temperatures often coincides with increased likelihood of a 3-day

heat extreme. We plot the difference between these frequencies in Figure 2c, with positive

values showing where a summertime warming jump coincides with an increase in likelihood

of a 3-day heat event. In testing for statistical significance, we see that summertime warming

jumps significantly coincide with an increased likelihood of experiencing a 3-day heat event

at effectively all land surface grid points. While it is perhaps not surprising that a jump

in summertime average temperatures coincides with enhanced probability of experiencing an

extreme heat event, we have identified a co-variate that is potentially more predictable than
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Figure 2. a. Probability that a 3-day heat event in the next 5 years exceeds any

from prior 10 years in the CESM2 large ensemble from 1950-2090. b. Probability of

that 3-day event occurring given that a summertime warming jump occurs. c. Change

in the probability of the 3-day event given summertime jump occurs (i.e. b.-c.). We

bootstrap probabilities for each grid point and ensemble member by randomly selecting

years from each ensemble member that match the number of jumps in that member

and counting the number of 3-day events that occur, repeating this process 1000 times.

Stippling indicates where the likelihood increase provided by the summertime warming

jump is not distinguishable from bootstrapped frequencies at the 95th percentile.

a 3-day heat event itself. Finally, we expect that the increasing trend in warming due to

greenhouse gases will explain some of the relationship between summertime warming jumps

and heat extremes. Therefore, we further separate the extreme event frequency into different

levels of GMT to control for the greenhouse warming level (Figure S3). We find that this result

holds, even at low GMT anomalies (i.e., 0◦ − 1◦C), implying that this result is not merely a

result of both variables increasing in frequency in the future climate.

3.2. Global summertime jump prediction skill

Having found that regional summertime warming jumps are accompanied by an enhanced

probability of experiencing a 3-day heat event, we now examine the predictability of such events

using convolutional neural networks. We calculate the CNN skill at predicting summertime

warming jumps at each 10◦ × 10◦ land region (Figure 3a). We use accuracy to quantify CNN

skill, which is defined as the number of correct predictions divided by the total number of

predictions, with accuracy value of 1 meaning all samples are correctly predicted. We see

higher skill in regions with a higher climate change signal relative to the local amplitude of

internal variability. For example, the tropics have relatively little year-to-year temperature

variability outside of the warming trend and therefore future summertime temperature jumps



Machine learning predictions of summertime warming jumps on decadal timescales 9

that exceed historical variability are more likely with increasing warming. Here the predicted

outcome, summertime warming jump, increases in frequency with increasing GMT (as jumps

become more likely with steeper warming), so much of this skill likely derives from the

CNNs learning the relationship between global mean temperature change and frequency of

summertime temperature jumps.

We therefore examine the CNN skill attributable to just learning the GMT response,

using permutation importance. This method is a machine learning explainability method that

probes the effect of a specific predictor on the machine learning model’s outcome [McGovern

et al., 2019; Gordon et al., 2023]. We are interested in the effect of the recent SST variability

information on prediction skill, so we randomly shuffle the order of the SST input sample

maps (i.e. keep each set of 10 the same, but shuffle the order they appear in the test set)

while keeping the GMT information in place, and input this information into the CNN. We

repeat this process 1000 times to compute the range of predicted outcomes for the randomized

SSTs. The average prediction across the range is taken to be the “GMT-only” prediction and

we calculate the accuracy of the GMT-only information at each grid point (Figure 3b). The

GMT-only prediction skill map demonstrates that much prediction skill can be derived from

the response of jump probability to greenhouse gas warming, particularly in regions where the

signal of the forced response is much greater than the signal of internal climate variability (e.g.,

the tropics). To estimate the effect of including recent SST variability as a CNN input on the

correct prediction of summertime warming jumps, we take the difference between the CNN

accuracy with all input information and the GMT-only accuracy (Figure 3c). Here we plot

the percentage increase in accuracy provided by SST variability, demonstrating that much of

the land surface shows modest but robust increase in accuracy, particularly over the Amazon

basin, the Sahara Desert, and much of Central and West Asia. This increase in accuracy

suggests that in many regions, summertime temperature jumps can be predictable beyond the

average effect of greenhouse warming.

To probe whether the CNNs have discerned samples that make summertime warming

jumps more predictable, we take a “windows of opportunity” approach [Mariotti et al., 2020;

Mayer and Barnes, 2021] by examining the CNN’s skill based on its prediction confidence.

Because the CNN is trained with cross-entropy loss, a CNN’s prediction can be interpreted

as its confidence in the outcome, with higher values indicating higher confidence. At each

grid point, we identify the 20% of samples that are most confidently predicted by the CNN

and calculate the CNN’s accuracy (Figure 3d). We find that the CNN’s skill for its confident

predictions is considerably higher than across the full test set, indicating that the CNN has

learned the input combinations that are most likely to lead to predictable outcomes.

Given that there is some skill garnered from learning the relationship between jump

probability and GMT (Figure 2b), we use permutation importance to test whether the skill

enhancement from CNN confidence in Figure 3d is attributable to the CNN confidently

learning the forced response. The GMT-only predictions used to generate Figure 2b all

have an associated CNN confidence. Therefore, we test whether enhanced CNN confidence,

and therefore CNN prediction skill during windows of opportunity, is merely due to the

CNN learning the response to GMT warming. We take the 20% most confident samples

from the GMT-only predictions and calculate the CNN accuracy for these samples, which

reveals the enhancement in CNN skill possible from GMT alone (Figure 2e). We also

calculate the percentage difference in accuracy between the 20% most confident samples for

all predictions, and GMT-only predictions (Figure 2f). Here, we find increases in accuracy

that are attributable to the SST input information over much of the globe. In addition, these

increases are generally more substantial than the accuracy increases due to SST information
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Figure 3. a. CNN accuracy at predicting summertime temperature jumps across all

testing samples and grid points. b. Prediction accuracy when only the GMT input

provides prediction information. c. Percentage difference between total CNN accuracy

and GMT only accuracy (i.e., a.-b.). x indicates grid points where difference is not

statistically significant at 95% confidence. d. CNN accuracy in testing samples for the

20% of samples the CNN ranks as most confident. e. CNN accuracy on its 20% most

confident predictions when only given GMT information. f. Percentage difference

between CNN’s most confident predictions and GMT only confidence. x indicates

where difference is not statistically significant.

across all testing samples in Figure 2c. These accuracy increases suggest that recent SST

information plays a crucial role in predicting summertime warming jumps, and that there

are particular SST samples that heighten the CNN’s confidence even more than the effect of

increased GMT.

3.3. Precision and Recall

One potential concern is that the CNNs learn to only predict the most common class, and

in particular that its most confident predictions are only for non-jump samples as that class

is more represented in the training data. We verify that the CNNs learn to balance their

predictions of the two classes by examining the precision and recall of each class at each grid

point for all predictions (Figure S4), and the 20% of samples assigned the highest confidence

by the CNN (Figure S5). Precision is calculated for each class by taking all the predictions

of a single class and calculating the ratio of correct predictions to all predictions. Recall

is calculated by taking all the true samples for a single class and calculating the ratio of

correct predictions to true samples. We find that the CNNs have good precision (> 0.5) across

almost all grid points for both classes, implying that a predicted output is more likely to be

correct than not correct (Figure S4a and S4b). Recall for “no jump” predictions is also strong,

implying that these events are well captured (Figure S4c). Recall for “jump” predictions is

more variable, with poor recall in the poles and over Australia, suggesting that in these regions

much of the CNN skill is driven by learning the “no jump” class (Figure S4d).

We find that almost all precision and recall scores are improved for each class when we

consider the samples to which the CNN assigns the most confidence (Fig. S3), implying that
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both classes are better predicted with increasing confidence at most grid points. Land grid

points where precision is a ”NaN” value indicate regions where the CNN never confidently

predicts that class. For example, points in Central Africa and the Himalaya region are never

confidently predicted as “no jump”, and points in the Polar Regions, South Central United

States, and Australia are never confidently predicted as “jump”. This behavior reveals that,

while jumps are likely to become predictable in a future climate, there are regions where they

remain unpredictable, likely because the underlying mechanisms do not provide predictability

on multi-year timescales.

3.4. Individual GCM Skill

Because the CNNs are trained on multiple GCMs, we can examine how summertime jump

predictability varies across the different GCMs (Figure 4). As before, prediction skill is largest

in areas where the climate change signal provides a larger fraction of year-to-year variability,

and therefore where warming leads to a larger likelihood of near-term temperature increases

above historical levels, e.g. the tropics and Arctic (Figure 4, left-hand column). Skill varies

widely across the midlatitudes indicating different fractions of predictable variability in the

GCMs. For example, North America is well-predicted in ACCESS-ESM1-5 (Figure 4a), while

West Africa is best predicted in CESM2 (Figure 4b) and CanESM5 (Figure 4f).

We quantify the role of greenhouse gas warming in summertime jump predictability

in each individual GCM, again using permutation importance. To account for the trend

information that is unique to a specific GCM and scenario, only samples within a single GCM

ensemble are permuted. The skill maps and differences are plotted in the middle and right-

hand columns of Figure 4. Once again, we see different amounts of added skill in the different

GCMs. While ACCESS-ESM1-5 and CanESM5 show broad regions of skill in the Northern

Hemisphere midlatitudes, CESM2, GFDL-SPEAR and MIROC6 exhibit less skill, and MPI-

ESM1-2-LR shows little skill anywhere. These GCMs span different climate sensitivities, with

CanESM5 and CESM2 exhibiting high sensitivity , ACCESS-ESM1-5 and GFDL-SPEAR

exhibiting medium sensitivity, and MIROC6 and MPI-ESM1-2-LR exhibiting relatively low

sensitivity [Meehl et al., 2020]. Therefore, while the highest sensitivity GCM shows some of

the best skill and the lowest sensitivity shows the worst, there is significant skill in GCMs

with more moderate climate sensitivity. Moreover, the ACCESS-ESM1-5 ensemble uses the

SSP2-4.5 scenario, which has the lowest radiative forcing of the scenarios used here. Lower

forcing implies that there is a smaller climate change signal and yet the CNN performs well

in large swaths of the Northern Hemisphere midlatitudes in ACCESS-ESM1-5. Combined,

this evidence suggests that while GCM sensitivity to forcing may affect summertime jump

prediction skill, significant skill is garnered from unforced SST variability.

We further test the CNN’s dependence on the GCMs included in the training set by

training an additional set of CNNs, but without MPI-ESM-1-2-LR in the training set. We

choose to omit MPI-ESM1-2-LR because the CNN performance is poorest on the MPI-ESM1-

2-LR testing members (Figure 4e). However, when MPI-ESM1-2-LR is left out from the

training set, the CNNs show degraded skill in the observational record (Figure S6). Therefore,

while individual GCMs may not appear to significantly enhance a CNN’s skill, it is likely still

beneficial to include this data in the training set to aid generalizability on out-of-sample data.

This finding aligns with prior work identifying that leaving out GCMs, even those with poor

testing performance, does not detrimentally affect the performance of the machine learning

model on other GCMs or observations [Gordon and Diffenbaugh, 2025].
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Figure 4. Accuracy in predicting summertime warming jumps in the individual GCMs

used in CNN training. Each row is a different GCM, from top to bottom: ACCESS-

ESM1-5, CESM2, GFDL-SPEAR, MIROC6, MPI-ESM1-2-LR, CanESM5. Left-hand

column is the CNN skill for all testing samples within a GCM. Middle column is

GMT-only accuracy for samples within the specified GCM. Right-hand column is the

percentage difference between the left-hand and middle columns, showing the percent

change in accuracy provided by SST input information. x indicates grid points where

the change is not statistically significant at 95% confidence.
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3.5. Detecting Heat Events

We examine the CNN’s jump prediction as an analog for predicting three day heat events.

First, we calculate the likelihood of occurrence of a three day heat event in a future five year

period in the testing members of each GCM large ensemble (Figure 5, left-hand column).

Then, we calculate the likelihood that the CNN’s prediction of a warming jump coincides with

the occurrence of a three-day heat event (Figure 5, middle column). That is to say, given that

the CNN predicts a warming jump, we calculate the number of heat events that occur. The

difference in the frequency of three day heat events and the events detected by the CNN is

shown in the right-hand column of Figure 5, with grid points where the CNN’s predictions

do not outperform random sub-sampling at 95% confidence marked by an “x”. The CNN’s

predictions largely provide enhanced likelihood in detecting a three-day heat event, particularly

in the equatorial region, which is a region where most CNN’s outperform a GMT only model

(Figure 4), implying that the enhanced skill is due to more than just the increasing frequency

of heat events with increasing GMT. There are also regions of enhanced detection across the

midlatitude continental regions (e.g. North America and East Asia) in most GCMs, which also

correspond to increased CNN skill above the GMT-only predictions. The enhanced likelihood

of detection of three-day heat events provided by the CNN’s summertime jump prediction

demonstrates that a summertime warming jump is a key, predictable, indicator of future

climate extremes.

3.6. Skill in the Observational Record

To examine if the CNNs have learned realizable real-world predictability, we input observed

SST and GMT anomalies into the CNNs trained across all GCMs. For verification data, we

use temperature jumps in the ERA5 reanalysis record, taking the 90th percentile jump in

ERA5 from 1960-1990 at each grid point as the jump threshold for that grid point.

Summertime temperature jumps in ERA5 from 1940-2024 (Figure 6a) are more frequent

over the Northern Hemisphere midlatitudes, though this is rather noisy due the low number

of historical samples. In most regions in the observational record, it is more likely that a

jump does not occur, i.e. the default class is “no jump”. However, there some locations where

jumps are more likely than not (e.g. Southwest Australia) so we also plot the skill that can

be achieved by a naive classifier that only predicts the class that is most common in ERA5 at

each grid point (Figure 6b). Figure 6b is therefore calculated as max(Figure 6a, 1-Figure 6a)).

In most regions in the observational record, it is more likely that a jump does not occur

(i.e., the default class is “no jump”). However, there are some locations where jumps are more

likely than not (e.g., Southwest Australia), so we also plot the skill that can be achieved by a

naive classifier that only predicts the class that is most common in ERA5 at each grid point

(Figure 6b). Figure 6b is therefore calculated as max(Figure 6a, 1-Figure 6a).

We show the CNN accuracy in predicting observed summertime warming jumps in

Figure 6c, and the percentage difference in accuracy from random chance in Figure 6e. We

see that the CNN largely has poor skill. In places with zero difference in skill between the

background likelihood and the CNN skill, the CNN defaults to only predicting “no jump”,

implying that at no point in the historical record was the warming trend large enough for the

CNN to confidently predict that a jump would occur. This finding highlights an interesting

point that greenhouse gas warming enhances the predictive skill of summertime warming

jumps, but this “emergence” of predictive skill has not occurred in many regions in the

historical record. Conversely, places where the CNN does show significant skill above random
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Figure 5. Likelihood in detecting a future 3-day-heat event in individual

GCMs. From top to bottom: CESM2, GFDL-SPEAR, MIROC6, MPI-ESM1-2-LR,

CanESM5. (Note that we exclude ACCESS-ESM1-5 in this analysis as daily maximum

temperatures were not available for all members.) Left column is the frequency of

three-day heat event occurrence in the testing members of each GCM large ensemble.

Middle column is the likelihood that a three-day heat event occurs given the CNN

predicts a warming jump. Right column is the difference between the middle and left-

hand columns, demonstrating the increase in detection of a three-day heat event that

the CNN’s jump predictions provide above random chance.
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Figure 6. a. Frequency of summertime warming jumps in the observational record,

defined as the number of summertime jumps that occur at a grid point divided by the

number of years. b. Frequency of the default class in ERA5, defined as the number of

no jump summers divided by total years. c. CNN accuracy in predicting summertime

jumps in ERA5 when ERSST is used as input data. d. CNN accuracy in predicting

summertime jumps in ERA5 for the 40% predictions assigned the highest confidence at

each grid point. e. Percentage difference between CNN prediction skill (c.) and random

chance (b.). f. Percentage difference between CNN’s most confident predictions (d.)

and random chance (b.). In panels e. and f., Significance is calculated by randomly

resampling 40% of samples from the observational record 100 times and calculating the

skill of predicting “no jump” on these selected samples. Skill is significantly improved

relative to random chance if CNN accuracy on its 40% most confident samples is

greater than the 95% percentile accuracy achieved from the bootstrapped accuracy

distribution. x stippling represents grid points where accuracy increase from CNN is

not statistically significant at 95%.
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guessing in the historical period implies that the warming trend has been large enough for

summertime warming jumps to begin to be predictable.

We further examine whether the CNN has learned to distinguish predictable samples

in the observational record using the CNN’s most confident predictions in observations

(Figure 6d), as well as the percentage accuracy difference from random chance of the

most confident samples (Figure 6f). In analyzing the CNN’s most confident predictions in

observations, we include the 40% most confident samples. We choose a lower confidence

threshold here because there are only 68 samples in the observational record, and therefore the

40% threshold leaves 27 samples over which to calculate statistical significance. We find grid

points with a statistically significant increase in accuracy above random chance, particularly in

the Northern Hemisphere midlatitudes (Figure 6f). In these cases, the CNN has largely learned

when to be most confident in its prediction of “no jump” occurring. While this category may

be less useful for predicting a future extreme, the result does imply that oceanic patterns

learned from the GCM data have helped the CNN learn predictable patterns of suppressed

summertime warming in the observational record.

4. Discussion & Conclusions

In this study, we have explored the predictability of jumps in summertime average

temperatures for a future five-year period. We chose this predicted outcome because these

jumps coincide with an increased likelihood of experiencing a 3-day heat extreme. Such short-

lived, extreme heat events are themselves not predictable beyond a few weeks when the required

atmospheric conditions can be accurately forecasted by numerical weather prediction models.

We identify an abrupt jump in average summertime temperature as a covariate of extreme

summertime temperatures, and then show that these jumps can be predictable by CNNs

trained on large single-model ensembles of global climate model simulations. We further

demonstrate that the CNN’s summertime jumps predictions also result in enhanced likelihood

in detecting a future 3-heat event. Prior studies have demonstrated the linkage between

North Atlantic SST variability and the predictability of summertime heat extremes in the

Europe-Mediterranean region [Borchert et al., 2019; Wallberg et al., 2024; Mascolo et al., 2025].

This current study demonstrates the linkage between SST variability and predictable regional

extreme summertime temperatures across the global land surface, providing a methodology

for objectively identifying regions where SST variability contributes to the predictability of

summertime temperature extremes beyond the well-studied European region.

Our analyses demonstrate that the prediction skill of a future summer warming jump

is improved by conditioning a prediction on the the prior 10-year SST variability. Figure 3

shows skill increases when the prior 10-year SST variability information is incorporated across

all samples in the testing set. We also identify substantial skill increases attributable to SST

variability when we examine the most confident samples. This “windows of opportunity”

approach [Mariotti et al., 2020], where prediction skill is evaluated on the most confidently

predicted samples, aligns with the results of Gordon et al. [2023], where it was also shown

that the inclusion of recent variability to a neural network’s prediction substantially increases

its ability to identify windows of opportunity, even in a relatively high climate forcing

scenario. While our study has a similar approach to that of Gordon et al. [2023], this current

methodology does not require prior exact knowledge of the climate change forced response,

meaning that the observational record (where the forced response is not known) can be input

without any need for trend removal.

Our results identify regions where summertime warming jumps are most likely to be
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predictable in a future climate. One such region is the tropics, where we posit that the

skill is largely due to ENSO as the primary driver of regional interannual variability. By

inspecting the SST patterns that most frequently result in confident jump predictions, we

also find North Pacific Gyre circulation and North Atlantic heat transport also frequently

co-occur with confident jump predictions (Figure S7 and S8). Therefore it may also be that

the combined mechanisms make summertime warming jumps more likely to occur. A more

comprehensive back-tracing of SST patterns contributing to confident predictions is an avenue

for future work.

The CNNs also show distinct skill over the Northern Hemisphere extra-tropics,

particularly over West Asia, East Asia and the Southwest United States. These patterns of

skill resemble those found in prior work for predicting future 1-5 year boreal summertime

near-surface temperature extremes in historical observations [Befort and Kruschke, 2025].

Combined, these results imply that there is some interannual predictability in summertime

temperature extremes in these regions. Our method in particular reveals that it is not

just the forced response to warming that provides predictability in summertime temperature

extremes, and prediction skill may also be driven by large-scale ocean variability. However,

these results are only one example of identifying summertime temperature predictability, and

other methods are very likely to improve on the skill identified here. We also acknowledge

that our methodology does not account for local vulnerability to heat extremes, and therefore

future work should look to identify the patterns of large-scale variability that lead to confident

predictions, with a specific focus on regions where climatological and socioeconomic factors

amplify the consequences of heat extremes.

One limitation of this study is the use of GCM data for training and verification of the

CNNs. While we have been able to show, in a perfect model set-up, that future summertime

warming jumps are predictable beyond the change of frequency with climate change, it is less

clear how well this predictability translates to predicting such events in observations. We show

that the CNN has some ability to predict the observational record; in particular it appears

that the CNNs have learned some oceanic patterns that are more likely to predictably suppress

summertime temperature jumps. We also observe predictive skill of summertime warming

jumps in places such as the tropics where the climate change signal provides a larger fraction

of temperature variability. This evidence suggests that the CNNs are able to learn climate

signals from GCM data that are relevant for predicting land surface temperature change on

multi-year timescales, a result that has been reported elsewhere for oceanic variability, and

shorter-timescale variability [Davenport et al., 2024; Gibson et al., 2021]. Training machine

learning models on GCM data is therefore a powerful tool for climate prediction research,

with the caveat that GCMs represent imperfect approximations of the Earth system and may

contain unknown biases. Approaches such as transfer learning may make machine learning

models more faithful to the observed Earth System [Immorlano et al., 2025; Barnes et al.,

2025], but they come at the expense of statistical robustness as the methodology incorporates

observational data into the training stage, leaving little independent observational data with

even fewer degrees of freedom for independent testing.

The simulations in this study do not include volcanic eruptions in their future projections.

This exclusion means that we cannot test the CNNs’ ability to predict summertime warming

jumps that may follow the short-lived cooling of a future Pinatubo-like eruption. While

there is an uptick in summertime warming jumps following Pinatubo in both the GCM

historical simulations and in the observational record, it appears that the CNNs’ predictions

of these jumps is delayed by 2-3 years (Figure S9). The CNNs are not provided with the

simulation year, so this delay is likely due to the CNN detecting the abrupt cooling in the
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years following Pinatubo in the input data. There is however no clear signature of an uptick

in jump predictions in observations, so we cannot conclude whether the CNNs have learned a

generalizable signature of volcanic activity, or if it is has learned the exact Pinatubo response

in each of simulations (which is a forcing included in every training and validation member).

The jump threshold used in this work was specifically chosen to be relative to recently

experienced warming. We chose this definition because a summertime warming jump in a

future, warmer, climate is still a jump above the recently experienced warming at the time

that the jump occurs. If we consider a future with some adaptation to recent warming (e.g.,

adoption of air conditioning, more available cooling centers, etc.), the summertime jump

exemplifies an event that could strain recent adaptive measures, and therefore the prediction

of such an event could identify imminent risks and inform near-term adaptive measures. We

therefore encourage future work to examine extreme event prediction in the context of recently

experienced warming, rather than only from a past historical baseline.

Our framing of extreme event predictability with contributions from both external forcing

and internal variability highlights that extreme events, which become more frequent with

increasing warming, also become more predictable, and that this predictability has not emerged

everywhere in the observational record. While this is a departure from the established

paradigm that global warming provides no predictability because it is a deterministic signal

[DelSole and Tippett, 2018], we believe that it is still important to quantify when events that

cause extreme stress on human and natural systems become more predictable as they become

more frequent. Identifying the emergence of predictability of extreme events should thus be a

priority for future work.

Near-term regional extreme event prediction is a multi-faceted challenge – the events

themselves are rare, the historical data record is short and their physical mechanisms span

the ocean, atmosphere and land systems. Such a challenge requires a multi-faceted solution.

Here we leverage recent advances in machine learning and climate modeling to develop a

framework for approaching this challenge. Our application of this framework to the prediction

of multi-day extreme heat events reveals, along with other recent work [Borchert et al., 2019;

Solaraju-Murali et al., 2021; Lockwood et al., 2023], suggests that extreme event prediction

can be enhanced by hypothesis-based approaches that relate our understanding of predictable

large-scale variability to climate indicators that lead to enhanced frequency of extreme events.

Code & Data Availability

GCM data is available from the Earth System Grid Federation (ESGF) https://aims2.llnl.

gov/search, except for the CESM2 Large Ensemble which available from the NCAR Research

Data archive https://rda.ucar.edu/datasets/d651056/dataaccess/, and GFDL-SPEAR-

MED data which is available at https://noaa-gfdl-spear-large-ensembles-pds.s3.

amazonaws.com/index.html#SPEAR/GFDL-LARGE-ENSEMBLES/CMIP/NOAA-GFDL/GFDL-SPEAR-MED/.

ERA5 data was downloaded from https://cds.climate.copernicus.eu/datasets/

reanalysis-era5-single-levels-monthly-means?tab=overview, ERSST from https://

psl.noaa.gov/data/gridded/data.noaa.ersst.v5.html, and HadCRUT5 with anomalies

and absolute values from https://crudata.uea.ac.uk/cru/data/temperature/. Code is

available at

https://aims2.llnl.gov/search
https://aims2.llnl.gov/search
https://rda.ucar.edu/datasets/d651056/dataaccess/
https://noaa-gfdl-spear-large-ensembles-pds.s3.amazonaws.com/index.html##SPEAR/GFDL-LARGE-ENSEMBLES/CMIP/NOAA-GFDL/GFDL-SPEAR-MED/
https://noaa-gfdl-spear-large-ensembles-pds.s3.amazonaws.com/index.html##SPEAR/GFDL-LARGE-ENSEMBLES/CMIP/NOAA-GFDL/GFDL-SPEAR-MED/
https://cds.climate.copernicus.eu/datasets/reanalysis-era5-single-levels-monthly-means?tab=overview
https://cds.climate.copernicus.eu/datasets/reanalysis-era5-single-levels-monthly-means?tab=overview
https://psl.noaa.gov/data/gridded/data.noaa.ersst.v5.html
https://psl.noaa.gov/data/gridded/data.noaa.ersst.v5.html
https://crudata.uea.ac.uk/cru/data/temperature/
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