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Abstract
Record-breaking extreme rainfall events, such as those observed in Southeast Africa (SEAF) in
February 2023, underscore the urgent need to quantify anthropogenic impacts on extreme weather
risks. This study presents an attribution and projection analysis of February extreme rainfall in
SEAF by evaluating probabilistic risk changes across multiple Earth System Model (ESM) ensem-
bles and numerical weather prediction (NWP) experiments. While NWP models reliably capture
the magnitude and frequency of these extremes, ESMs generally exhibit a wet bias, necessitating
the use of relative thresholds. Our attribution analysis reveals that greenhouse gas (GHG) forc-
ing significantly increases the risk of extreme events (e.g. once-in-70-year and once-in-150-year
events, comparable to the precipitation intensities of 2000 and 2023). However, this risk increase
remains less certain under all-forcing simulations, as ESMs show substantial disagreement regard-
ing aerosol (AER) influences. Future projections under various shared socioeconomic pathways
indicate that a higher GHG emission exacerbates these risks, highlighting the critical importance
of aggressive mitigation efforts. Furthermore, shifts in generalized extreme value (GEV) parame-
ters demonstrate how forcing-driven climate changes may deform the risk probability distribution,
with a higher emission of GHG potentially altering both the climatological mean and interannual
variability of SEAF extreme rainfall. Our findings are supported by both ESM and NWP results
(particularly short-lead forecasts), with the latter exhibiting lower uncertainty due to constraints
on synoptic systems and internal oceanic variability. We conclude that GHG forcing likely elevates
the risk of 2023-like extreme events in SEAF and discuss the remaining sources of uncertainty in
these projections.

1. Introduction

During the austral summer, Southeast Africa (SEAF)
is highly susceptible to extreme rainfall peaking
in February, primarily driven by the South Indian
Ocean Convergence Zone (Fučkar et al 2020). In
2023, the Mascarene High intensified this inland
moisture transport, interacting with cut-off lows
(Fazel-Rastgar et al 2025) and steering tropical

cyclones toward landfall (Serele et al 2023). These
extremes inflict disproportionate social-economic
damage (Banda and Bangidza 2025, Nganhane et al
2025) and trigger health crises (Aderinto 2023, Braka
et al 2024), while ensuing landslides severely threaten
food and water security (Taylor et al 2013, Serele et al
2023).

With the increasing frequency of these events,
extreme event attribution (EEA) has gained
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significant attention over the past two decades (Allen
2003, Perkins-Kirkpatrick et al 2022). A primary
objective in this field is to determine whether anthro-
pogenic forcings have modified the characteristics
of such extremes. Previous studies have utilized the
trend-fitting probabilistic approach (TPA) to inves-
tigate SEAF extreme rainfall, often focusing on the
global warming level (GWL) as a key driver of changes
in probability distributions (Fučkar et al 2020, Philip
et al 2020, Otto et al 2022, Pinto et al 2026). While
TPA provides rapid statistical assessments, obser-
vational TPA results often conflict with numerical
simulations under factual-like forcings.

This inconsistency arises largely from the sen-
sitivity of linear trends between GWL and extreme
events (Fučkar et al 2020, Otto et al 2022, Pinto
et al 2026). Since extreme events involve a complex
interplay of weather noise, natural variability, and
combined forcings such as greenhouse gases (GHG),
aerosols (AER) and natural drivers (NAT) like vol-
canic and solar activity (Haustein et al 2016, Min
2020, Kim et al 2024, Lee et al 2024, Takahashi et al
2025), the inherent statistical limitations of TPA often
lead to an underestimation of risk (Nordling et al
2025, Takahashi et al 2025).

An alternative EEA framework is the modeled
probabilistic approach (MPA), which contrasts Earth
System Model (ESM) simulations under factual and
counterfactual conditions (Gillett et al 2016). Large
ensembles of ESMs allow for the quantification of lin-
ear and non-linear impacts of isolated anthropogenic
forcing (GHG & AER), and NAT (Dong et al 2021,
Wang et al 2023, Kim et al 2024). However, model
diversity in representing ocean states, parameteriza-
tion, and weather noise often introduces considerable
uncertainty.

To mitigate this, recent studies have adopted the
‘storyline approach,’ which constrains uncertainty at
the process level (Shepherd et al 2018). This method
employs ESMs with dynamical nudging (e.g. Wehrli
et al 2020, Van Garderen et al 2021) or free-running
numerical weather prediction (NWP) models under
perturbed atmospheric or oceanic conditions (e.g.
Leach et al 2021, 2024). By constraining the synop-
tic development of target extreme events, the sto-
ryline approach, and its probabilistic variant, the
storyline-based probabilistic approach (SPA), signif-
icantly reduces uncertainty compared to traditional
MPA (Lee et al 2024, Barriopedro et al 2025, León-
FonFay et al 2026).

Despite these advancements, SEAF extreme rain-
fall has yet to be comprehensively examined using
both MPA and SPA frameworks. To resolve previous
uncertainties, this study combines ESM-based MPA
and NWP-based SPA to evaluate historical attribu-
tion and future projection risks under global warm-
ing scenarios, addressing two core questions: (1)Why
do models often yield ambiguous attribution results
compared to observational TPA? and (2) How will

extreme rainfall risks evolve under different global
warming mitigation pathways?

2. Data andmethods

2.1. Observations
This study defines extreme rainfall as the maximum
daily total precipitation occurring in February (Rx1d;
Sillmann et al 2013) over the SEAF region (20◦

S − 28◦ S, 29◦ E − 36◦ E). To evaluate these events,
we utilize the HadEX3 dataset (Dunn et al 2024)
and derive Rx1d indices from daily precipitation
datasets including the European Centre for Medium-
Range Weather Forecasts (ECMWF) Reanalysis v5
(ERA5; Hersbach et al 2020), the gauge-based Global
PrecipitationClimatologyCentre (GPCC; Becker et al
2013), and the Global Precipitation Climatology
Project version 3.3 (GPCP3; Huffman et al 2023).
We primarily rely on ERA5 for our analysis (e.g.
Kim et al 2020) because reanalysis products pro-
vide superior spatio-temporal coverage compared to
observational datasets, which may suffer from spa-
tial inhomogeneity in station records or inconsisten-
cies in satellite instrumentation and sensor calibra-
tion. Detailed descriptions of each dataset are pro-
vided in supplementary table 1.

2.2. ESM simulations
We use daily total precipitation data from ESMs par-
ticipating in the Coupled Model Intercomparison
Project Phase 6 (CMIP6), which provides standard-
ized climate simulations from numerous interna-
tional modeling centers (Eyring et al 2016). To
attribute risk changes to specific forcings, we selected
13 ESMs that provide ensembles for factual historical
simulations (ALL forcing) and counterfactual single-
forcing experiments (GHG, AER, and NAT).

To project future risk, we utilize the same
13 ESMs that also include projections under three
shared socioeconomic pathways (SSPs; Riahi et al
2017): SSP1-2.6 (sustainable development), SSP2-4.5
(middle-of-the-road scenario), and SSP5-8.5 (fossil-
fuel-dependent development). Detailed information
regarding the selected ESMs, CMIP6 experiments,
and their respective ensemble members is provided
in supplementary table 2.

2.3. NWP
To quantify risks through the SPA, we employ
the ECMWF Integrated Forecasting System (IFS)
CY47R3b (Forbes et al 2021). This system has been
validated in recent EEA studies for its ability to sim-
ulate extreme events under controlled forcing con-
ditions (Leach et al 2021, 2024, Ermis et al 2024,
Lee et al 2024). The IFS is a coupled model incor-
porating atmospheric (Resolution: TCo639 ∼18 km
with 137 vertical levels), wave (0.25◦), sea ice (0.25◦),
and oceanic processes (ORCA025Z75 0.25◦ with 75

2



Environ. Res. Lett. 21 (2026) 184038 D Lee et al

vertical levels), and generates 51-member ensembles
through initial condition perturbation used in oper-
ational forecast (ECMWF 2021). We use daily pre-
cipitation datasets at 0.25◦ resolution interpolated by
ECMWFMIR library (Malardel et al 2016).

We conducted three sets of NWP experiments by
perturbing CO2 concentrations and ocean states (sea
ice, salinity, and 3D temperature) to reflect different
climate conditions. The initial atmospheric, land, and
oceanic states were sourced from the operational IFS.

• NWP-ALL: CO2 at ∼420 ppm (current opera-
tional level).

• NWP-PIC: CO2 at ∼285 ppm (pre-industrial lev-
els) with anthropogenic impacts removed from
ocean states.

• NWP-FUT: CO2 at ∼615 ppm (representing
future radiative forcing) with estimated anthro-
pogenic impacts added to ocean states.

While the ensemble perturbations and atmospheric/-
land initial conditions are identically paired across the
NWP experiments, the paired oceanic initial states
for NWP-PIC and NWP-FUT are modified with their
respective anomalies.

Essentially, NWP-PIC represents pre-industrial
conditions, while NWP-FUT is calibrated to be
comparable to the SSP2-4.5 scenario. Unlike
CMIP6 experiments, these NWP experiments treat
non-CO2 forcings (e.g. AER and non-CO2 GHG) as
invariant, allowing for a focused assessment of CO2-
driven impacts on extreme weather. Further details
regarding experimental design are provided in Leach
et al (2024).

To construct a 28 d period representing February
2023 for each lead-time group, we concatenated 4 d
forecast windows from seven initialization dates cho-
sen from a 9-date pool, varying by lead time (supple-
mentary table 3): short (S; 3–6 d), medium (M; 7–
10 d), and long (L; 11–14 d). Our major NWP con-
clusions rely on the NWP-S group, with NWP-M and
NWP-L serving as sensitivity tests. Additionally, oper-
ational forecasts initialized on February 1st, 11th, and
21st (1985–2023) were used to establish the NWP
climatology (1985–2014) and evaluate performance
(supplementary figure 1).

2.4. Generalized extreme value (GEV) distributions
To quantify extreme event probabilities, we employ a
stationary GEV distribution. Notably, we first com-
pute Rx1d on native grids (supplementary table 1 and
2), and then calculate their regionally weighted aver-
age as the SEAF February extreme event (details
in supplementary Text 1). L-moments are used
for parameter estimation, as they offer robust-
ness even with limited sample sizes (e.g. Kharin
et al 2007, Min et al 2009, Kim et al 2020, Leach
et al 2021, Lee et al 2024). The probability of an

extreme rainfall event exceeding a magnitude x is
given by:

P(x) = 1− F(x;µ,σ,ξ ) (1)

where F (x; µ, σ, ξ) is the cumulative distribution
function of the GEV, defined as:

F(x;µ,σ,ξ )

=


exp

[
−exp

{
− x−µ

σ

}]
, ξ = 0

exp

[
−
{
1+ ξ x−µ

σ

}−ξ−1
]
, ξ ̸=0,1+ ξ x−µ

σ > 0

(2)

The GEV parameters—location (µ), scale (σ), and
shape (ξ)—represent the mean, dispersion, and type
of distribution (Gumbel, Fréchet, or Weibull types)
of the extreme rainfall distribution, respectively. We
use 30 years February to compute climatological GEV
of present (1985–2014) and future (2071–2100) for
each ESM. ForNWP, we use 51 ensembles to compute
GEV for February 2023 at different CO2 and ocean
conditions. To account for estimation uncertainty, we
apply a bootstrapping process (Davison and Hinkley
1997) to generate 100 000 bootstrap resamples per
model. Multi-model assessments use an equally-
weighted pooled mixture of 1300 000 resamples.
Supplementary Text 1 details these methods, includ-
ing independent resampling.

We interpret forcing-driven changes by com-
paring shifts in µ, σ, and ξ (Kodra and Ganguly
2014), consistent with the nonstationary GEV frame-
work (Abdelmoaty and Papalexiou 2023, Jayaweera
et al 2025). Furthermore, we quantify the relative
change in risk probability using the risk ratio (RR,
equation (3) where C1 and C2 indicate samples from
different forcing conditions (e.g. Fučkar et al 2020,
Leach et al 2021, Kim et al 2024, Lee et al 2024). For
attribution, we use ALL, GHG, AER or NWP-ALL for
C1 and NAT or NWP-PIC for C2 to show attribu-
tion of extreme events to human-induced forcings,
and SSP1-2.6, SSP2-4.5, SSP5-8.5 or NWP-FUT for
C1 and ALL or NWP-ALL for C2 to show projected
changes of extreme events to different warming sce-
narios at the end of 21st Century:

RR(C1/C2)X = P(X)C1/P(X)C2. (3)

Following IPCC guidance (Mastrandrea et al 2011,
Kause et al 2022), we evaluate the statistical signif-
icance of RR, classifying results as ‘extremely likely’
(>95% probability) or ‘likely’ (>66% probability).

3. Results

3.1. February extreme rainfall events in SEAF
The observed characteristics of Rx1d and their
statistically derived risk probabilities for record-
shattering events are illustrated in figure 1. The
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Figure 1. (a) Time series of February Rx1d over SEAF from ERA5 (line) and station-based observations (colored dots). The
shaded background regions and dashed horizontal lines indicate one, two, and three standard deviations from the 1985–
2014 climatological mean, and inverted red triangles mark the two highest events. (b) Spatial pattern of the February 2023 Rx1d
anomaly. Dots indicate observation stations, and the red box defines the SEAF study region. (c) Probability distributions of
February Rx1d for raw data (bars), normal distribution (blue dots), and GEV fits. Bracketed numbers indicate exceedance prob-
abilities for the two extreme cases. The 90% confidence interval (green shading) is derived from 100 000 bootstrap resamples of
the base period. (d) Return level plot comparing empirical data (crosses) and GEV fits. Vertical dotted lines highlight the target
10-year, 70-year (2000 event), and 150-year (2023 event) return periods.

74 year ERA5 Rx1d time series reveals three events
exceeding three standard deviations above the cli-
matological mean (figure 1(a)), two of which have
occurred within the last 24 years. Despite the inherent
spatio-temporal limitations of station-based obser-
vations, Rx1d values across all datasets consistently
identify the events in 2000 and 2023 as highly
anomalous.

The spatial pattern of the 2023 Rx1d anomaly
highlights the characteristic nature of SEAF extreme
rainfall (figure 1(b)), with the most severe precip-
itation occurring over southern Mozambique and
Zimbabwe regions where operational station density
is sparse. The 2000 and 2023 extreme events share a
common pattern: anomalous dryness along the west-
ern coastlines (Namibia andAngola) contrasting with
intense precipitation along the eastern coastlines of
South Africa, a phenomenon linked to the triple-dip
La Niña conditions (Thoithi et al 2026).

Figure 1(c) presents the probability density func-
tion (PDF) and the histogram of raw Rx1d values.
While a normal distribution fails to adequately cap-
ture the spread and tail behavior of the data, the
GEV distribution fitted to the 30 year base period

(1985–2014) provides a reasonable fit. We verified
the validity of using this 30 year baseline by com-
paring it with the 74 year (1950–2023) GEV fit; both
distributions remain within each other’s 90% uncer-
tainty intervals, and the resulting risk estimates for the
2023 event are nearly identical (e.g. 0.65% vs. 0.68%
for the 1st-rank event). Consequently, we focus on the
GEV derived from the 1985–2014 period to minimize
the influence of transient global warming trends on
our baseline estimates (Abdelmoaty and Papalexiou
2023).

To assess the relationship between extreme event
frequency and intensity, figure 1(d) shows the return
level plot. The return levels derived from the 74 and
30 year GEV distributions are consistent and well
within the 90% confidence ranges, further confirm-
ing the robustness of the 30 year baseline for esti-
mating Rx1d risks. In this study, we define three spe-
cific return periods for further analysis: 150, 70, and
10 year events, which match the magnitude of the
1st-highest (2023), 2nd-highest (2000), and a typi-
cal decadal extreme, respectively. It should be noted
that the 70 and 150 year thresholds are extrapolated
from stationary GEV fits to the 30 year reference
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Figure 2. Distributions of ERA5 Rx1d intensity for (a) 10-year (orange), (b) 70-year (peach), and (c) 150-year (red) return peri-
ods, derived from bootstrapped GEV resamples of the base period. Dashed and dotted lines represent the GEV estimates for
ERA5 and the operational NWP (1985–2014) without bootstrapping, respectively. For comparison, corresponding results from
13 CMIP6 ESMs are shown, displaying individual ensemble members (asterisks), bootstrapped medians (blue marks), and 90%
confidence intervals (turquoise shading).

period and are not presented as observed recurrence
intervals.

3.2. Extreme events evaluation for models
Since both MPA and SPA rely on simulated out-
put, we evaluate the performance of ESMs and NWP
in replicating the target extreme events (figure 2).
The bar graphs represent the bootstrapped GEV
results from ERA5, illustrating the 90% confidence
intervals for extreme event magnitude at specific
return periods (10, 70, and 150 years; figure 1(d)).
The return values for operational NWP closely align
with ERA5, with GEV parameters (µ, σ, ξ) falling
within the ERA5 uncertainty ranges (supplementary
figure 2).

In contrast, the 13 ESMs and their respective
ensembles (supplementary table 2) exhibit a wide
spread in return values, reflecting differences in
model physics, dynamics, and internal climate vari-
ability (figure 2; supplementary figure 2). Notably,
most ESMs exhibit a significant wet bias in the 10 year
extreme values, where the 90% uncertainty ranges
of the ESMs and ERA5 do not overlap (figure 2(a)).
While this wet bias persists for the 70 year and
150 year return levels, it is less pronounced than in
the 10 year case (figures 2(b) and (c)).

GEV parameter analysis reveals that this wet
bias originates primarily from positive biases in µ
and σ, indicating an overestimation of the clima-
tological mean and interannual variability of Rx1d
(supplementary figure 2). In contrast, ξ for most
ESMs remains within the ERA5 uncertainty range.
Although µ and σ across the 13 ESMs are highly cor-
related (r = 0.81, supplementary table 4), substan-
tial inter-model and inter-ensemble spread remains.
Given these bias characteristics, we present ESM
results primarily as anomalies to mitigate system-
atic errors (figures 3(a) and 4(a)), while NWP

results are presented as absolute values (figures 3(b)
and 4(b)).

3.3. Extreme events attribution
We examine NWP and ESM simulations under vary-
ing forcing conditions to attribute changes in extreme
event risks (figure 3). The pooled-median PDF of
the 13 ESMs’ bootstrapped resamples (figure 3(a))
demonstrates that GHG forcing induces the most
pronounced change in the distribution: the tail for
severe extreme rainfall becomes significantly heav-
ier, while the density near the climatological mean
decreases. Probabilities of extreme events in AER sim-
ulations are lower than those in ALL-forcing simula-
tions. Notably, the ALL (factual) results closelymirror
the combined signals of GHG and AER, confirming
their opposing influences on Rx1d.

Our main NWP-S group and the sensitivity tests
(NWP-M and NWP-L) consistently indicate that
CO2-driven ocean warming and increased radiative
forcing elevate the probability of 2023-like extremes
(figure 3(b); ALL vs. PIC). This aligns with the
broader ESM results (ALL/GHG vs. NAT). The PDF
of short-range predictions (NWP-S) aligns closely
with the observed 2023 magnitude, whereas long-
range predictions (NWP-L) shift toward the clima-
tological mean, illustrating how synoptic predictabil-
ity constrains the simulation of observed weather
systems.

The median RR from the 13 ESMs exceed one
across nearly all targets (figure 3(c)). Consistent
with the PDF shifts (figure 3(a)), GHG-forced risk
increases are ‘likely’ (>66 confidence) for all tar-
gets, with GHG simulations showing the smallest
uncertainty and AER the largest. This AER-driven
uncertainty likely explains past TPA inconsistencies
(Fučkar et al 2020, Otto et al 2022, Pinto et al 2026).
Furthermore, we demonstrate ‘likely’ significance for
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Figure 3. (a) Pooled-median probability density functions (PDFs) of bootstrapped resamples (1 300 000) of Rx1d anomalies for
the 13 ESMs under ALL, GHG, AER, and NAT forcings, calculated relative to µ of each NAT simulation. Dashed lines highlight
the pooled-median anomaly return levels for 10-year (yellow), 70-year (orange), and 150-year (red) events, with the inset show-
ing a magnified view of the distribution tails. (b) Bootstrapped-median Rx1d PDFs for NWP-S, NWP-M, and NWP-L under ALL
and PIC forcing conditions designed for the 2023 event, with the operational NWP baseline included for comparison. (c) Risk
Ratio (RR) under ALL, GHG, and AER forcings for the target 10-, 70-, and 150-year extreme events. Light and dark shaded bars
denote the 5%–95% and 34%–66% uncertainty ranges, respectively, indicating the significance of RR changes. Solid horizontal
lines mark the median values of ESMs’ pooled bootstrapped resamples. NWP results are shown only for the 150-year event due
to experimental design constraints. (d) Scatter plot of differences in µ (abscissa) versus changes in σ (ordinate), for the ESMs
and NWP relative to their parameters in NAT and PIC. Small and large dots represent individual models and their mean values,
respectively, with error bars (solid lines) indicating one standard deviation across the 13 ESMs. The correlation coefficient (blue
text) is significant at the 5% level.

severe events (70-year and 150 year), which were
inconclusive in prior TPA studies. This highlights
the importance of accounting for non-linearity in
EEA, as our MPA framework utilizes dynamically
integrated simulations. Notably, NWP-S results show
‘extremely likely’ (>95% confidence) significance,
due to tighter constraints on synoptic evolution and
ocean variability.

Figure 3(d) examines GEV parameters, show-
ing higher µ and σ under GHG-forced ESMs and
NWP-ALL (S) compared to NAT/PIC, confirming
them as drivers of increased risks. Their robust
correlation reaffirms the coupling between cli-
matological means and interannual variability, as
previously identified in ESM bias characteristics
(supplementary figure 2; supplementary table 4).
Conversely, ESM-ALL parameters closely resemble
NAT, unlike the clear differences in NWP-ALL (S)
versus NWP-PIC (S). This stems from: (1) ESM
experiments include AER forcing, which partially
offsets GHG impact via thermodynamical and poten-
tially dynamical effects (Huang et al 2023, Wang et al
2026), whereas NWP experiments focus solely on
CO2 and associated warmings. (2) ESM ensemble

diversity in ocean variability hinders the clear direct
forcing-driven impact, unlike the NWP experi-
ments with almost identical ocean states (supple-
mentary figure 3). Finally, while ξ changes remain
statistically insignificant due to high uncertainty,
some RR results are only explainable when con-
sidering changes in ξ. The broader implications
of AER, ocean variability and ξ are addressed in
section 4.

3.4. Extreme events projections
To address the potential benefits of global warming
mitigation, we examine future changes in extreme
rainfall under various projection scenarios, differ-
ing mainly in GHG mitigation level (figure 4).
The PDF shifts in ESM projections relative to cur-
rent conditions (ALL) mirror the changes observed
in GHG-forced simulations compared to natural
forcings (figure 3(a)): the probability of climato-
logical mean-like Rx1d decreases, while the den-
sity of high-magnitude extreme events increases
(figure 4(a)). Notably, the lowest-emission scenario
(SSP1-2.6) exhibits the least modification, whereas
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Figure 4. (a) Pooled-median probability density functions (PDFs) of bootstrapped resamples (1 300 000) of Rx1d anomalies for
the 13 ESMs under the SSP1-2.6, SSP2-4.5, and SSP5-8.5 future scenarios. Dashed lines highlight the pooled-median anomaly
return levels for 10-year (yellow), 70-year (orange), and 150-year (red) events, with the inset showing a magnified view of the
distribution tails. (b) Bootstrapped-median Rx1d PDFs for NWP-S, NWP-M, and NWP-L under the ALL and FUT forcing con-
ditions designed for the 2023 event, with the operational NWP baseline included for comparison. (c) Risk Ratio (RR) under the
SSP scenarios for the target 10-, 70-, and 150-year extreme events. Light and dark shaded bars denote the 5%–95% and 34%–
66% uncertainty ranges, respectively. Solid horizontal lines mark the median values of ESMs’ pooled bootstrapped resamples.
NWP results are shown only for the 150-year event due to experimental design constraints. (d) Scatter plot of differences in µ
(abscissa) versus changes in σ (ordinate), for the ESMs and NWP relative to their parameters in ALL. Small and large dots repre-
sent individual models and their mean values, respectively, with error bars (solid lines) indicating one standard deviation across
the 13 ESMs. The correlation coefficient (blue text) is significant at the 5% level.

high-emission scenarios (SSP5-8.5) lead to substan-
tial transformation, underscoring the necessity of
mitigation to minimize future Rx1d distribution
shifts.

NWP-FUT simulations, while similar to the SSP2-
4.5 (with invariant non-CO2 forcings), show PDF
shifts relative to NWP-ALL (figure 4(b)) consistent
with those of NWP-ALL versus NWP-PIC attribu-
tion (figure 3(b)). Since NWP-L shows the broadest
distributions and lowest predictability due to chaotic
weather noise (supplementary figure 1), it is less suit-
able for the storyline framework; thus, we prioritize
the NWP-S for robust projections.

Relative to ESMs’ ALL, projected RR for target
extreme events increases are classified as ‘likely’ across
most scenarios, except for 10 year events under SSP1-
2.6 (figure 4(c)). These projections align with our
GHG attribution findings (figure 3(c)), indicating
that even under the most stringent mitigation (SSP1-
2.6), the risk of high-impact events (70 and 150 year)
remains elevated. Nevertheless, aggressive mitigation
is essential, as the magnitude of RR significantly
increases with warming (SSP2-4.5 and SSP5-8.5). In
NWP-FUT (S), the RR for 2023-like events (150-year)

is projected to increase (‘likely’), consistent with ESM
findings. An unexpected finding in NWP-L is the
projected decrease in RR for specific cases, despite
expansions in µ and σ. This suggests that occasion-
ally, changes in ξ may determine the risk assessment,
an effect often unconsidered by simpler linear statis-
tical methods (figures 4(b) and (d); supplementary
table 4).

Finally, we assess the impact of GHG mitigation
scenarios on GEV parameters (figure 4(d)). Increased
radiative forcing under SSP and NWP-FUT scenarios
leads to higher µ and σ values, consistent with our
attribution results (figure 3(d)). A crucial observation
is that for ESMs, the projected shifts in σ under SSP5-
8.5 and SSP2-4.5 exceed inter-model spread (noise),
yielding a signal-to-noise ratio (S/N >1; Lee et al
2024), which confirms the statistical significance of
these shifts. All three NWP lead-time groups con-
sistently indicate positive shifts in these parameters.
Consequently, these results highlight that strict GHG
regulation is critical as only the lowest scenario (SSP1-
2.6) suggests an insignificant shift inGEVparameters,
implying a potential to stabilize the Rx1d distribution
in the SEAF region.
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4. Summary and discussion

Extreme rainfall in SEAF reached record-breaking
levels in 2023 (Fazel-Rastgar et al 2025). Determining
anthropogenic contributions remains challenging
due to discrepancies between observational trends
and climate models (Pinto et al 2026). To address
these uncertainties, this study employs both MPA
and SPA. By synthesizing these methods, we recon-
cile inconsistencies found in previous TPA studies
(Otto et al 2022, Pinto et al 2026).We further quantify
projected risk changes under various global warm-
ing scenarios, underscoring the critical necessity of
mitigation.

Observational analysis confirms the 2000 and
2023 events were highly anomalous (Jury and Lucio
2004, Fazel-Rastgar et al 2025). Both shared iden-
tical climate drivers: La Niña conditions and pro-
nounced positive Sea Surface Temperature (SST)
anomalies in the South-West Indian Ocean (Thoithi
et al 2026). La Niña phases enhance large-scale mois-
ture fluxes toward southeastern Africa and promote
unusually long, zonal cyclone tracks (Richard et al
2000). Furthermore, anomalously warm SST in the
Mozambique Channel provided an immense latent
heat reservoir, allowing tropical cyclones to intensify
before landfall and resulting in devastating extremes
like Eline (Reason and Keibel 2004) and Freddy (Liu
et al 2023).

While station-based datasets exhibit spatio-
temporal limitations, ERA5 reanalysis provides
robust frequency and magnitude metrics. Our NWP
experiments successfully replicate these extreme
records, whereas most ESMs exhibit a systematic
wet bias stemming from overestimations in the µ
and σ parameters (figure 2; supplementary figure 2).
This necessitates using relative thresholds for ESM
analysis. Reducing these biases through improved
parameterization remains critical for enhancing
ESM credibility (e.g. Lee et al 2022a, Schaffer et al
2025, Seo et al 2025). Notably, applying spatial
interpolation or subsampling the best performing
ESMs yielded insignificant difference in our results
(supplementary Text 2 and supplementary figures
4 and 5).

Despite these inter-model variations, there is
strong consensus that GHG forcing increases the
mean and interannual variability of extreme rainfall,
whereas AER plays an opposing, albeit more uncer-
tain, role (Samset et al 2018, Westervelt et al 2020,
Li et al 2023, Wang et al 2026). Thermodynamically,
GHG amplify extremes by increasing tropospheric
moisture capacity, which is directly offset by AER
cooling (O’Gorman 2015, Huang et al 2023).
Dynamically, GHGmodify convective updrafts, while
localized AER emissions distort regional tempera-
ture gradients and major circulation patterns like
the ITCZ (Persad and Caldeira 2018, Sheng et al
2026).

Our projections confirm high-emission pathways
(SSP5-8.5) yield higher risks than sustainable sce-
narios (SSP1-2.6). Since GHG is the primary forc-
ing difference across SSPs (Riahi et al 2017), these
mitigation benefits mirror our attribution findings.
Our NWP-S results align with these ESM projections,
supporting the interpretation of CO2-driven radia-
tive forcing and SST warming as primary drivers.
Meanwhile, NWP sensitivity tests (NWP-M & NWP-
L) show this forcing signal degrades as predictabil-
ity decreases. Despite atmospheric adjustment caveats
(supplementary Text 3 and supplementary figures
6 and 7), GHG remains the dominant driver, mak-
ing aggressive mitigation essential to prevent extreme
event distribution shifts (Lee et al 2018, Ayugi et al
2023, Bobde et al 2024, Seo et al 2025). Although
primarily GHG-driven, ESM projections encompass
combined non-GHG effects.

NWP results exhibit lower uncertainty than
ESMs, due to the constraint of synoptic weather sys-
tems (e.g. Leach et al 2024, Lee et al 2024) and con-
sistent ocean states (e.g. Deser et al 2020, Lee et al
2022b). While eastern Pacific SST variability influ-
ences SEAF Rx1d (Richard et al 2000, Tadross 2009,
Pinto et al 2026, Thoithi et al 2026), we find that
inter-model spread is strongly associated with the
southern Indian Ocean temperature contrast (sup-
plementary figures 3(c) and (d)). This regional gra-
dient is linked to the intensification of landfalling
extreme weather systems (Reason and Keibel 2004,
Liu et al 2023). Furthermore, as global warming can
enhance cross-basin teleconnections (e.g. Chen et al
2026), the emerging impacts of varying SST patterns
on SEAFRx1d represent an important topic for future
study.

Previous TPA studies struggled to detect signifi-
cant attribution signals from factual ALL-forcing sim-
ulations (Otto et al 2022, Pinto et al 2026). Our MPA
results elucidate that while GHG ‘likely’ increases
extreme events risks, high uncertainty in AER-driven
responses masks this signal in ALL-forcing simula-
tions. Consequently, linearly varyingGEVparameters
in TPA may underestimate forcing-driven nonlinear-
ity. By synthesizing MPA and SPA, we robustly con-
clude that GHG and CO2 forcings significantly ele-
vate extreme event risks. Without substantial mitiga-
tion, our projections indicate SEAF will continue to
face elevated extreme rainfall risks, a conclusion fur-
ther supported by ourmodel-by-model analysis (sup-
plementary figures 8 & 9).

Finally, we confirm a forcing-driven relation-
ship between GEV parameters (µ & σ). While tra-
ditional TPA assumes a constant ξ (e.g. Salas and
Obeysekera 2014), we highlight its high sensitivity
and variance. We note that the comparison of sta-
tionary GEV fits across different experiments is not
equivalent to a formal nonstationary GEV analysis.
In our current framework, apparent differences in ξ
are heavily obscured by high estimation uncertainty,
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preventing the confident detection of robust physi-
cal shifts. Consequently, we observed no significant
ESM-averaged changes in ξ. To overcome such statis-
tical limitations, future research focusing on the phys-
ical interpretation of tail behaviour (ξ) is required to
further refine EEA and projection frameworks (e.g.
Jayaweera et al 2025).
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