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Supplementary Table 1. Average live hard coral cover from GCRMN status of
coral reefs of the world: 2020 report

Region Coverage in Coverage in Decline
1979 2019

East Asian Seas 32.50% 36.79% -4.29%
Caribbean 18.08% 15.9% 2.18%
Australia 35.17% 26.05% 9.12%
Brazil 20.39% 20.59% -0.20%
West Indian Ocean 26.43% 29.37% -2.94%
South Asia 46.36% 23.33% 23.03%
Red Sea and the Gulf of Aden  36.75% 34.28% 2.47%
Pacific 37.03% 31.35% 5.68%
East Tropical Pacific 36.87% 22.83% 14.04%
The Gulf and Gulf of Oman 30.85% 17.93% 12.92%

Global 32.30% 29.52% 2.78%




Supplementary Table 2. Information on CMIP6 Models. 17 CMIP6 models were
evaluated, and here we focus on the projected temperature-related variables
from three Representative Concentration Pathways emission scenarios: SSP1-
2.6, SSP2-4.5, and SSP5-8.5.

Model Nominal Total  Top grid References
resolution levels thickness
(ocean) (ocean)

ACCESS-CM2 250 km 50 10 m Dix et al., 2019
ACCESS-ESM1- 250 km 50 10 m Ziehn et al., 2019

5

BCC-CSM2-MR 100 km 40 10 m Xinetal., 2019

CanESM5 100 km 45 6m Swart et al., 2019

CESM2- 100 km 60 10 m Danabasoglu, 2019
WACCM

CMCC-CM2- 100 km 50 Im Lovato et al., 2020

SR5

CMCC-ESM2 100 km 50 Im Lovato et al., 2021
EC-Earth3 100 km 75 I m EC-Earth Consortium, 2019
EC-Earth3-Veg 100 km 75 I m EC-Earth Consortium, 2019
EC-Earth3-Veg- 100 km 75 I m EC-Earth Consortium, 2020
LR

IPSL-CM6A-LR 100 km 75 2m Boucher et al., 2019
MIROC6 100 km 63 2m Shiogama et al., 2019
MPI-ESM1-2- 50 km 40 12m Schupfner et al., 2019

HR

MRI-ESM2-0 100 km 61 2m Yukimoto et al., 2019
NESM3 100 km 46 6 m Cao, 2019

NorESM2-LM 100 km 70 25m Seland et al., 2019

NorESM2-MM 100 km 70 25m Bentsen et al., 2019




Supplementary Table 3. Environmental Variables for Random Forest Model

Training
Variables Meaning Units
Latitude Latitude coordinates in decimal degree
degrees.
Longitude Longitude coordinates in decimal degree
degrees.
Depth Water depth. m
Windspeed Marine wind speed. m/s
Temp Sea surface temperature (SST) in K
Kelvin.
Temp min The minimum weekly SST over the K
entire period.
Temp max The maximum weekly SST over the K
entire period.
Temp SD Standard deviation of weekly SST K
over the entire period.
ClimSST Weekly climatological SST K
SSTA Weekly SST  minus  weekly °C
climatological SST
SSTA min The minimum weekly SSTA over the °C
entire period.
SSTA max The maximum weekly SSTA over °C
the entire period.
SSTA _SD Standard deviation of SSTA over the °C
entire period.
SSTA Frequency Number of times over previous 52 -
weeks that SSTA 1is greater than or
equal to 1 degree C
SSTA Frequency SD  Standard deviation of -
SSTA Frequency over the entire
period.
SSTA Frequency max The maximum weekly -
SSTA Frequency over the entire
period.
SSTA DHW Sum of previous 12 weeks when Weekly °C

SSTA is greater than or equal to 1
degree C
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Figure S1. Spatial distribution of coral bleaching records from 1980 to 2020, based
on 34,846 individual observations from 14,405 sites in 93 countries. Each dot
represents a single field survey record, including both presence and absence of
bleaching, as compiled in the global coral bleaching database (van Woesik &

Kratochwill, 2022). Spatial autocorrelation was assessed using Moran’s I based on

site coordinates. A Moran’s I of 0.26 indicated moderate positive spatial
autocorrelation, typical in ecological datasets and not expected to bias model
performance.
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Figure S2. Relative importance assessment of 10 random forest model parameters
trained on the global coral-bleaching database. The model's predictive accuracy is
recalculated using the shuffled OOB sample. The difference in accuracy before and
after shuffling is recorded. The process is repeated across all trees in the forest, and
the mean decrease in accuracy is computed. This mean decrease serves as a measure
of the variable’s importance (Iv), reflecting how crucial the variable is for maintaining
predictive accuracy. A substantial decrease in accuracy indicates high importance,
while a negligible or negative change suggests that the variable contributes little to the
model's predictions. Negative importance scores, which may arise due to random
noise, are generally interpreted as zero importance.
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Figure S3. Diagnostic analysis of model uncertainty based on random forest
prediction variance. (a) Prediction variance for each test sample derived from the RF
ensemble, quantifying individual-level uncertainty. (b) Distribution of prediction
variances across all test samples; the interquartile range (IQR) indicates the typical
spread of uncertainty, highlighting the proportion of samples with low variance and
thus higher prediction confidence.
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Figure S4. Models of 10 random forest training based on the global coral-bleaching
database. To assess model performance and validate its generalization ability, we
randomly split the dataset into a training set (80%) and a test set (20%). In addition,
we averaged the results of 10 trainings as the final output to avoid the instability of
the projection model due to the random selection of the training dataset.
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Figure SS. Standard diagnostic plots for the linear regression between coral reef
decline rate (%) and bleaching severity across 10 tropical ocean regions. (a) Raw
residuals plotted by region reveal deviations from model predictions. (b)
Standardized residuals identify potential outliers; values beyond £2 (dashed red
lines) suggest possible concern. (c) Leverage values indicate each observation’s
influence on model fit; the red dashed line marks the conventional threshold of
2p/n. (d) Cook’s Distance highlights influential data points; values above 4/n
(dashed red line) are considered potentially influential. South Asia (SA) exceeds
multiple thresholds and is flagged as an influential point.
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Figure S6. Standard deviation of mean annual coral bleaching projections based on
CMIP6 data for the periods 2020-2060 (a, ¢, and e) and 2060-2100 (b, d, and f),
under three climate scenarios: (a, b) low emission (SSP1-2.6), (¢, d) medium emission
(SSP2-4.5), and (e, f) high emission (SSP5-8.5) during the periods 2020-2060 (a, c, e)
and 2060-2100 (b, d, 1).
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Figure S7. Projected coral decline under three climate scenarios: (a, b) low emission
(SSP1-2.6), (¢, d) medium emission (SSP2-4.5), and (e, f) high emission (SSP5-8.5)
during the periods 2020-2060 (a, c, ¢) and 2060-2100 (b, d, f).
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