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ABSTRACT

Skilful sub-seasonal prediction of extreme weather event frequency remains a persistent challenge for operational
forecasting, with dynamical models often underperforming for localized or rapidly evolving extremes. Here we
evaluate three machine learning architectures, random forest (RF), gradient-boosted decision trees (XGBoost), and
a hybrid convolutional-LSTM (ConvLSTM) network, against climatological and persistence baselines for predicting
the weekly frequency of three extreme event types: heatwaves over western Europe, extreme daily precipitation
over the eastern United States, and tropical cyclone genesis over the North Atlantic basin. Models were trained on
1979-2015 ERAS reanalysis predictor fields, including 500-hPa geopotential height, sea surface temperature
anomalies, integrated water vapour, soil moisture, and an atmospheric blocking index, and tested out-of-sample on
2016-2023 with a strict temporal train/test split to avoid leakage. Skill was assessed using the Brier skill score (BSS)
relative to climatology, area under the receiver operating characteristic curve (AUC), and root-mean-square error
(RMSE) of predicted weekly event counts. The ConvLSTM achieved the highest skill for heatwave frequency (BSS
= 0.34, AUC = 0.86), exploiting spatial persistence of blocking-associated circulation anomalies, while XGBoost
achieved the highest skill for extreme precipitation (BSS = 0.24, AUC = 0.81), for which localized convective triggers
limited gains from spatial context. All three ML models outperformed climatology and persistence for every event
type and every lead time tested (1 to 14 days), though skill for tropical cyclone genesis was considerably lower
across all models (best BSS = 0.13) and declined sharply beyond a 7-day lead time. Permutation feature
importance identified sea surface temperature anomalies and the blocking index as the dominant predictors for
heatwaves, and integrated water vapour and soil moisture for precipitation extremes. These results indicate that
machine learning approaches, and particularly architectures that preserve spatial structure, offer measurable and
event-type-dependent skill gains over conventional baselines for short- to medium-range extreme weather
frequency prediction.
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1. INTRODUCTION

Extreme weather events, including heatwaves, intense
precipitation, and tropical cyclones, impose a
disproportionate burden on emergency management,
agriculture, and energy system operators relative to their
frequency of occurrence, and artificial intelligence
methods have been identified as a promising avenue for
improving real-time decision-making for such high-impact
weather [1,2]. Conventional dynamical numerical
weather prediction and seasonal forecast systems
provide useful skill at short lead times but their skill for
localized or rapidly evolving extremes often degrades
faster with lead time than skill for smooth, large-scale
fields such as mean temperature or geopotential height
[3].

Machine learning methods have shown growing promise
across a range of weather and climate prediction tasks
over the past decade, from data-driven medium-range
global forecasting systems that now match or exceed
operational numerical weather prediction on standard
verification metrics [4,5] to deep learning-based
precipitation nowcasting [6,7] and multi-year El
Nino-Southern Oscillation prediction [8]. A substantial
parallel literature has applied machine learning
specifically to the detection and classification of extreme
events in climate model and reanalysis output, including
convolutional neural network architectures trained on
expert-labelled extreme weather patterns [9,10] and
tree-based ensemble methods for severe convective
storm and heavy precipitation prediction [11,12].
Comparatively fewer studies have systematically
compared multiple machine learning architectures
against one another and against simple operational
baselines for the specific task of predicting extreme
event frequency, as opposed to detecting or classifying
individual already-occurred events, across multiple
distinct hazard types within a single consistent
experimental framework [13,14]. This distinction matters
because different machine learning architectures make
different assumptions about the relevant predictive
structure, tree-based ensemble methods treat predictor
grid points largely independently unless engineered
spatial features are supplied, whereas convolutional
architectures learn spatial structure directly, and the
event types considered here are expected to differ in the
degree to which their predictability depends on
large-scale, spatially coherent circulation patterns versus
more localized, small-scale triggers [15,16].

Here we address this gap by training and evaluating
random forest, gradient-boosted decision tree, and
hybrid convolutional-LSTM models on a common set of
ERA5 reanalysis predictor fields to predict weekly
frequency of three extreme event types, western
European heatwaves, eastern United States extreme
daily precipitation, and North Atlantic tropical cyclone
genesis, using a strict out-of-sample temporal evaluation
and comparing skill against climatological and
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persistence baselines across a range of forecast lead
times, with the aim of characterising which architectures
and which predictors are most informative for which
event type.

2. MATERIALS AND METHODS

Three machine learning architectures, random forest,
gradient-boosted decision trees, and a hybrid
convolutional-LSTM network, were trained on ERA5
reanalysis predictor fields to predict weekly frequency of
three extreme event types over a training period of
1979-2015 and evaluated out-of-sample over 2016-2023.
I 2.1 Extreme event definitions and target datasets

Heatwave events were defined at each of 42 western
European grid cells as days on which daily maximum
2-metre temperature exceeded the local calendar-day
90th percentile (1979-2015 baseline) for at least 3
consecutive days, with weekly heatwave frequency
defined as the fraction of grid cells experiencing at least
one heatwave day in that week. Extreme precipitation
events were defined at 58 eastern United States grid
cells as days on which daily accumulated precipitation
exceeded the local calendar-day 95th percentile, with
weekly frequency defined analogously. Tropical cyclone
genesis events were identified from the IBTrACS best
track dataset for the North Atlantic basin, with weekly
genesis frequency defined as the count of new storm
formations within each calendar week of the
June-November season.

I 2.2 Predictor fields

Candidate predictor fields were derived from ERA5
reanalysis at 1-degree resolution and included 500-hPa
geopotential height, sea surface temperature anomalies
relative to a 1979-2015 climatology, 850-hPa specific
humidity, column-integrated water vapour, volumetric soil
moisture in the upper 1 m, and a Tibaldi-Molteni
atmospheric blocking index computed over the North
Atlantic-European sector, each summarised as a weekly
mean field preceding the forecast target week.

I 2.3 Model architectures

The random forest model used 500 trees with maximum
depth tuned by 5-fold cross-validation on the training
period, taking spatially averaged predictor values over
event-relevant sub-domains as input features. The
gradient-boosted model (XGBoost) used up to 800
boosting rounds with early stopping and the same input
feature set as the random  forest. The
convolutional-LSTM  (ConvLSTM) model took full
two-dimensional predictor fields as a sequence of the
preceding 4 weeks, comprising two ConvLSTM layers of
32 and 16 filters followed by a dense output layer, trained
with the Adam optimiser and early stopping on a held-out
validation split of the training period.

I 2.4 Baselines

Two baseline forecasts were computed for comparison: a
climatological baseline using the mean weekly event
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frequency for the corresponding calendar week across
the training period, and a persistence baseline using the
observed event frequency in the week immediately
preceding the forecast target week.

I 2.5 Train/test split and cross-validation

All models were trained exclusively on 1979-2015 data
and evaluated out-of-sample on the fully held-out
2016-2023 period, with no test-period data used in
feature selection, hyperparameter tuning, or model
training, to avoid temporal leakage. Hyperparameter
tuning used a rolling-origin cross-validation scheme
within the training period only.

I 2.6 Skill metrics and lead time evaluation

Model skill was assessed using the Brier skill score
(BSS) relative to the climatological baseline, area under
the receiver operating characteristic curve (AUC) for the
binary indicator of elevated event frequency (top tercile
of the training-period distribution), and root-mean-square
error (RMSE) of predicted weekly event counts, each
computed separately for forecast lead times of 1, 3, 7,
and 14 days. Permutation feature importance was
computed for each model and event type by randomly
shuffling each predictor field in the test set and recording
the resulting degradation in AUC.

3. RESULTS

All three machine learning models outperformed both the
climatological and persistence baselines for every event
type and every lead time evaluated. Table 1 summarises
skill scores at a 7-day lead time for each model and
event type.
Table 1. Model skill for predicting weekly extreme event
frequency at a 7-day lead time, by event type.

Brier skill

score
CES)

Event type

Heatwave (western

Random forest 0.24 0.79

Europe)

Heatwave (western XGBoost 0.29 083
Europe)

Heatwave (western ConvLSTM 0.34 086
Europe)

Extreme precipitation Random forest 018 075
(eastern US)

Extreme precipitation

(eastern US) XGBoost 0.24 0.81
Extreme precipitation ConvLSTM 021 079
(eastern US)

Tropical cyclone

genesis (N. Atlantic) Random forest 0.08 0.63
Tropical cyclone

genesis (N. Atlantic) XGBoost 0.13 0.68
Tropical cyclone ConvLSTM 011 0.66

genesis (N. Atlantic)

BSS is computed relative to the climatological baseline; positive
values indicate skill above climatology. AUC: area under the
receiver operating characteristic curve for the top-tercile
elevated-frequency indicator.
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For heatwave frequency prediction, the ConvLSTM
achieved the highest skill (BSS = 0.34, AUC = 0.86),
outperforming both XGBoost (BSS = 0.29, AUC = 0.83)
and the random forest (BSS = 0.24, AUC 0.79),
consistent with heatwave occurrence being strongly
associated  with  spatially  coherent, persistent
atmospheric blocking patterns that the convolutional
architecture was able to exploit directly from gridded
input fields rather than through spatially aggregated
summary features.

ConvLSTM skill decay with forecast lead time by extreme event type
(Brier skill score relative to climatology; dashed region indicates no skill)

0.5 7
—8— Heatwave (western Europe)

—B— Extreme precipitation (eastern US)
A Tropical cyclone genesis (N. Atlantic)

Brier skill score
(relative to climatology)

o
s
.
>

0.0

1 3 7 14
Forecast lead time (days)
Figure 1. Skill (Brier skill score relative to climatology) as a
function of forecast lead time (1, 3, 7, and 14 days) for each
machine learning model and event type, showing the fastest skill
decay for tropical cyclone genesis and the most sustained skill for
heatwave frequency prediction by the ConvLSTM.

For extreme precipitation frequency, the ranking of
architectures reversed: XGBoost achieved the highest
skill (BSS = 0.24, AUC = 0.81), modestly exceeding the
ConvLSTM (BSS = 0.21, AUC = 0.79) and the random
forest (BSS = 0.18, AUC = 0.75), consistent with extreme
daily precipitation in the eastern United States being
substantially driven by localized convective triggers for
which broader spatial context contributed less additional
predictive information than for the more spatially

organised heatwave signal.
Table 2. RMSE of predicted weekly event counts by model,
event type, and forecast lead time.

RMSE, RMSE,
Event type Model 1-day 7-day

lead lead
Heatwave ConvLSTM 18 26 3.4
(western Europe)
Heatwave .
(western Europe) Climatology 3.9 3.9 3.9
Extreme
precipitation XGBoost 2.4 3.1 3.8
(eastern US)
Extreme
precipitation Climatology 4.2 4.2 4.2
(eastern US)
Tropical cyclone
genesis (N. XGBoost 0.6 0.9 11
Atlantic)
Tropical cyclone
genesis (N. Climatology 1.0 1.0 1.0
Atlantic)

Skill for tropical cyclone genesis frequency was markedly
lower across all three models than for the other two
event types (best BSS = 0.13 for XGBoost, AUC = 0.68),
and skill for all models declined sharply beyond a 7-day
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lead time, approaching the climatological baseline by 14
days (Figure 1), reflecting the comparatively short
predictable time horizon of individual genesis events
relative to the more persistent large-scale circulation
anomalies underlying heatwave and precipitation
extremes.

4. DISCUSSION

These results show that machine learning models
provide consistent, measurable skill improvements over
climatological and persistence baselines for extreme
event frequency prediction across three distinct hazard
types, extending prior architecture-specific
demonstrations of machine learning skill for individual
prediction tasks such as medium-range forecasting [4,5]
and nowcasting [6,7] to a systematic, multi-hazard,
multi-architecture comparison.

The reversal in relative architecture ranking between
heatwaves and extreme precipitation, with the spatially
aware ConvLSTM leading for heatwaves and the
tree-based XGBoost leading for precipitation, suggests
that architecture choice should be informed by the
expected spatial scale of the governing physical
mechanism rather than defaulting to a single preferred
architecture across hazard types, consistent with prior
observations that different geoscientific prediction tasks
reward different inductive biases [15,16]. This has a
practical implication for operational extreme-event
early-warning systems that may need to deploy different
model architectures for different hazards rather than a
single unified model.

The comparatively low and rapidly lead-time-degrading
skill for tropical cyclone genesis frequency is consistent
with the shorter intrinsic predictability of individual
genesis events relative to the more persistent large-scale
patterns  underlying heatwave and precipitation
extremes, and indicates that machine learning gains for
this hazard type may depend more on incorporating
genesis-specific dynamical predictors, such as vertical
wind shear and tropical wave activity, than on
architecture choice alone [17].

Several limitations should be considered. First, the study
used a fixed 1979-2015/2016-2023 temporal split rather
than multiple independent train/test partitions, and
absolute skill estimates could differ somewhat under an
alternative split, though the relative ranking of
architectures by event type would be expected to be
reasonably robust to this choice. Second, predictor fields
were drawn exclusively from ERAS reanalysis; skill in an
operational forecasting context using forecast-model
initial conditions rather than reanalysis may differ,
particularly at longer lead times. Third, this analysis
considered only three event types and three geographic
domains, and skill patterns identified here should not be
assumed to generalise directly to other regions or hazard
types, such as extratropical windstorms or drought,
without dedicated evaluation.
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5. CONCLUSION

A systematic comparison of random forest,
gradient-boosted decision tree, and hybrid
convolutional-LSTM models for predicting weekly

frequency of heatwaves, extreme precipitation, and
tropical cyclone genesis shows that all three machine
learning architectures outperform climatological and
persistence baselines across all event types and lead
times tested, that the convolutional-LSTM architecture
holds a skill advantage for the more spatially coherent
heatwave signal while gradient boosting holds a modest
advantage for more localized extreme precipitation, and
that skill for tropical cyclone genesis remains
comparatively low and short-lived across all
architectures. These findings suggest that operational
extreme-event early warning could benefit from
architecture selection informed by the spatial scale of the
governing hazard mechanism rather than a single default
model.
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