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ABSTRACT

Background: The underlying factors associated with the substantial global tropical cyclone (TC)-related mortality burden, characterized by its highly variable
spatiotemporal patterns, remain unclear. We aimed to identify and assess the key factors associated with TC-related mortality on a global scale.

Methods: We collected mortality records from 2034 locations in 68 countries/territories across five continents (2000-2019) to identify and assess the key factors
associated with TC-related mortality on a global scale. Bayesian ensemble models were applied to estimate the associated mortality for each TC event in each
location. A random forest regression (RFR) model was employed to assess the relative statistical importance of TC and location characteristics, as well as their
interactions, regarding the TC-related mortality.

Findings: For TC physical characteristics, the TC-associated cumulative rainfall consistently exhibited stronger influence on mortality than TC-induced surge-driven
flood depth or maximum sustained windspeed. However, sociodemographic factors, including population traits (e.g., population density, proportion of the popu-
lation aged < 9 years, percent of the population aged > 65 years) and socioeconomic and infrastructure development (e.g., built-up ratio), showed greater relative
importance than the TC physical attributes and accounted for the majority of the explained variations in TC-related mortality. Furthermore, cumulative rainfall
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interacted strongly with local sociodemographic conditions and was potentially the most important associated factor for disparities in mortality arising from factor

interactions.

Interpretation: The findings highlight the critical role of sociodemographic factors in explaining the global spatiotemporal variability of TC-related mortality, sur-
passing the relative importance of TC intensity. TC-related rainfall could be a key associated physical factor of the global mortality burden.

1. Introduction

Tropical cyclones (TCs), including tropical storms, hurricanes and
typhoons, are a leading contributor to the global economic burden of
natural disasters, ranking as the costliest extreme climate events. Over
2013-2022, TCs affected an average of 20.4 million people per year and
caused mean annual direct losses of US$51.5 billion (reported in nom-
inal, event-year US$). (CRED) In the context of global warming, aging
populations, and rapidly expanding coastal communities, exposure to
such extreme events remains a significant public health concern and a
key driver of climate-related hazards. (Knutson et al., 2020; Wang et al.,
2022; Reimann et al., 2023).

Recent evidence has demonstrated the persistent mortality (Parks
et al., 2023; Young and Hsiang, 2024; Huang et al., 2023; Huang et al.,
2024; Parks et al., 2022) and morbidity (Parks et al., 2021; Huang et al.,
2024; Salas et al., 2024) risks in the aftermath of TCs. However, despite
the well-acknowledged TC-related hazards, the underlying key factors
associated with these health risks remain largely unknown, especially on
a global scale. The health impacts of TCs can vary considerably
depending on the characteristics of the TC events and the vulnerabilities
of the affected populations. (Parks et al., 2023; Huang et al., 2024)
Understanding the contributions of spatiotemporal variations in TC
characteristics, as well as demographic and socioeconomic factors
associated with the health effects would help inform understanding of
the potential mechanisms by which climate extremes affect public
health, which is a key aspect of informing mitigation and prevention
strategies. (Prada et al., 2024).

Previous global assessments have provided insights into the regional
and socioeconomic disparities in the impacts of TCs. (Jing et al., 2024;
Geiger et al., 2021; Ye et al., 2020; Geiger et al., 2018) However, these
studies mainly focused on TC exposure levels (e.g., TC frequency) and
did not account for the local population health risks associated with TCs.
For example, regions with lower TC frequency could exhibit higher
mortality risks after TC exposures, potentially due to lower adaptation
capacity. (Huang et al., 2025) Epidemiological studies have evaluated
local empirical population health risks associated with TCs and potential
risk modifiers, but these analyses typically focus on a single or limited
set of socioeconomic variables. (Young and Hsiang, 2024; Parks et al.,
2022; Huang et al., 2024; Tennant and Gilmore, 2020; Huang et al.,
2023) For example, higher TC-associated mortality risks have been re-
ported in regions with lower income levels or greater socioeconomic
deprivation. (Tennant and Gilmore, 2020) Such subgroup analyses,
however, overlooked the contributions and potential interactions of
other factors that may also influence TC health effects, such as variations
in TC physical characteristics.

To address these gaps, we collected mortality data spanning two
decades from TC-exposed locations in 68 countries and territories, ac-
counting for approximately 42.6% of the global population exposed to
TCs. (Jing et al., 2024) These countries and territories represent a wide
range of population, socioeconomic and TC characteristics, providing a
suitable setting for exploring the key factors associated with TC-related
deaths at a global scale. (Gasparrini et al., 2024) We aimed to quantify
the relative importance of the TC characteristics, demographic and so-
cioeconomic factors, as well as their interactions, in relation to the
empirical local TC-related deaths based on real-world population mor-
tality surveillance data. We sought to identify the key factors associated
with TC-related deaths to better understand the health effects of TCs in
the context of a changing climate.

2. Methods
2.1. Data collection

We integrated a global dataset of 2034 locations from 68 countries or
territories based on a well-established Multi-Country Multi-City (MCC)
Collaborative Research Network database that aimed to provide sys-
tematic epidemiological evidence on the health impacts of environ-
mental stressors across countries and regions (https://mccstudy.Ishtm.
ac.uk/). The details of the data collection and organization procedure
were provided in Supplementary Text S1. Among these 2034 locations,
413 locations from 23 countries or territories that experienced at least 1
TC during the study period were included in the subsequent analysis.
These locations represented approximately 42.6% of the global popu-
lation exposed to TCs. (Jing et al., 2024) More information and
descriptive statistics of these included locations are displayed in
Table S1.

We selected a series of potential factors associated with TC-related
mortality to represent five key dimensions that have been implicated
in prior research on cyclone-related health impacts (Huang et al., 2023;
Doocy et al., 2013): (1) TC physical characteristics (windspeed, rainfall,
storm surge); (2) demographic and population traits (population size,
population density, percent of the population aged > 65 years, percent
of the population aged < 9 years, percent of female population); (3) local
socioeconomic (i.e., socio-demographic index [SDI], the ratio of built-up
area to the non-built-up area [Built-up ratio]); (4) governance and
healthcare levels (regulatory quality, government effectiveness,
healthcare access and quality [HAQ]); and (5) climatic context (KOppen-
Geiger climate zones). Factor selection within each dimension was
guided by the availability of longitudinal data that provided sufficient
spatiotemporal coverage to support our global, multi-site analysis,
focusing on variables that are routinely measured and comparable
across countries. Detailed information on each factor (e.g., sources,
definition, spatiotemporal resolution, and organization procedure) is
provided in Table S2.

2.2. TC-associated windspeed, rainfall and surge-driven flood depth
assessment

To estimate the population center of each location for exposure
assessment, we used annual population count data at 0.01° spatial res-
olution across the globe during the years 2000-2019 from LandScan.
(Dobson et al., 2000) The population data were first calibrated annually
for each country and territory to ensure consistency with United Nations
population estimates, as detailed in our previous work. (Xu et al., 2023)
Subsequently, for each location and year, we calculated the population-
weighted centroid based on the calibrated grid-specific population
counts within each location. Given the unavailability of high-resolution
population data prior to 2000 for estimating population centroids and
demographic factors associated with TC-related mortality, we focused
on TC exposures from the year 2000 onward.

We used the Holland model (Holland et al., 2010), the most widely
used TC hazard model (Geiger et al., 2021; Peduzzi et al., 2012; Lange
et al., 2020); to estimate the wind fields for each historical TC event. The
methodology of this model was described in detail in our previous work
(Huang et al., 2023; Huang et al., 2024; Geiger et al., 2018). Briefly, a
parametric wind field model was implemented using global cyclone
characteristic data from the International Best Track Archive for Climate
Stewardship (IBTrACS) (Knapp et al., 2010) to produce global gridded
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daily maximum sustained wind speeds associated with each cyclone
event in the IBTrACS database. Wind speeds were initially estimated at a
spatial resolution of 5 arcminutes (1/12°, approximately 10 km x 10 km
at the equator) and an hourly temporal resolution. These estimates were
subsequently averaged and aggregated to a spatial resolution of 0.5 and
a daily temporal resolution, adjusted to local time zones. For each
location, a TC exposure day was defined as a day on which the TC-
associated maximum wind speeds at the population centroid reached
or exceeded 17.5 m/s. (Parks et al., 2022; Parks et al., 2021) Further-
more, we extracted the TC-associated rainfalls from the ISIMIP3a data-
set, which had a spatial resolution of 5 arcminutes and was derived from
a physics-driven TC rainfall model. (Zhu et al., 2013; Frieler et al., 2024)
We calculated the TC-associated cumulative rainfalls by summing the
grid-level values across all grid cells within each TC-exposed grid on TC
exposure days. Finally, as detailed in previous work (Vogt; et al., 2024);
the maximum flood depth driven by the TC-induced surge was estimated
for each TC event at a spatial resolution of 5 arcminutes using the
GeoClaw adaptive mesh shallow water solver integrated within CLI-
MADA (https://github.com/CLIMADA-project/climada_python). The
generated flood depth data are publicly available at Zenodo (https:
//zenodo.org/records/14547984). These flood depth estimates were
then averaged and aggregated to a 0.5 grid resolution, and the exposure
of each TC event for each location was assigned based on the value of the
grid cell containing that location’s population centroid. We aggregated
wind speed and surge-driven flood depth as their maximum values at the
population centroid because they were localized, peak-intensity forces,
allowing the model to capture the maximum intensity experienced by
the concentrated population. (Massarra et al., 2019) Rainfall was
aggregated as the sum of rainfall (i.e.,, cumulative rainfall) across
exposed grid cells because it represented a cumulative volume hazard
that drained into broader catchment basins, which better captured the
total hydrological load impacting the area. (Hermans et al., 2024).

3. Statistical analysis
3.1. TC-associated mortality estimation

A two-stage analytical framework was adopted in this study. In the
first stage, we implemented Bayesian ensemble models to estimate TC-
related mortality, using the same modeling strategies and settings as
those detailed and validated in previous studies. (Parks et al., 2023;
Kontis et al., 2020) Briefly, for each TC-exposed location, we trained
Bayesian ensemble models on the periods of time without TC exposure
to estimate the weekly all-cause deaths for the week of and two weeks
after exposure had the cyclone not occurred (i.e., the counterfactual
number of deaths). Mortality data were aggregated weekly to enhance
the stability of the analysis (since narrower time intervals led to smaller
counts and instability in the time series for many locations) (Parks et al.,
2022; Kontis et al., 2020), while retaining the ability to capture finer
temporal variations (Ebi, 2024). We focused on the two-week post-TC
period because (1) extending the exposure window would substantially
increase uncertainty in estimating TC-related mortality for the Bayesian
ensemble models based on weekly analyses, and (2) our previous work
at a multi-country level suggested that the mortality risks associated
with TCs decline rapidly after exposure and tend to be modest beyond
this timeframe (Huang et al., 2023; Huang et al., 2025). A longer hy-
pothetical exposure window may also introduce a higher risk of bias by
capturing longer-term changes unrelated to the TC. (Nethery et al.,
2023) For each location, the associated mortality of each TC event
was calculated as the difference between the observed number of deaths
from all causes and the counterfactual number of deaths.

The Bayesian ensemble models included 16 predictive models with
different options to account for temporal trends, autoregression, and
temperature effects, as detailed previously. (Kontis et al., 2020) Briefly,
by assuming a Poisson distribution for the number of weekly deaths
(also accounting for possible overdispersion), these models included
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predictors including long-term temporal trends, seasonal patterns,
relation to immediately preceding weeks (i.e., autoregression), tem-
perature anomalies and population offset to estimate the counterfactual
deaths. There were two settings for long-term trends (one assuming no
trend and one with a linear trend term over weekly deaths), four settings
for the autoregressive term using different orders (first, second, fourth,
or sixth) and two settings for temperature anomalies (one without
temperature and one with terms to account for temperature anomaly).
These combinations resulted in an ensemble of 16 Bayesian models (2
trend options x 4 autoregressive options x 2 temperature options).

Multiple models were used to account for the inherent uncertainty in
selecting the best model for predicting the counterfactual deaths for
each location. A model-averaging approach can improve the overall
prediction accuracy. (Graefe et al., 2015) We averaged the predictions
from the 16 models in the ensemble by their predictive accuracy, as with
previous studies. (Parks et al., 2023; Graefe et al., 2015) The number of
draws taken from each model's posterior distribution of deaths was
proportional to the inverse of the percentage error, with a minimum of
0 and a maximum of 1000 draws.

3.2. Evaluation key factors associated with TC-related mortality

In the second stage, we used a random forest regression (RFR) model
to assess the relative statistical importance of the location and TC
characteristics in explaining TC-associated mortality. Compared to
traditional models (e.g., linear regression models), RFR models can
effectively capture potential non-linear effects and complex interactions
among variables while maintaining robustness against overfitting. (Liu
et al., 2021; Ronco et al., 2023; Zhou et al., 2023) Because our primary
objective was exploratory (i.e., descriptions of relative importance for
various factors, without a factor of pre-defined priority), we did not use
causal forest methods, which were recently developed to estimate the
causal effect of a treatment/intervention variable within the generalized
random forest framework and require a single, pre-defined treatment/
intervention factor with priority. (Tibshirani et al., 2025).

In the RFR models, we used an ensemble of 1000 trees (ntree =
1000), which was chosen because further increases in ntree produced
negligible reductions in the out-of-bag error (a proxy for performance on
unseen data). Another parameter, the number of candidate variables
considered at each split (mtry), was determined by grid search (mtry =
2-10) and the value with the lowest out-of-bag error (mtry = 5) was
selected. A total of 14 factors that may influence TC-related deaths were
incorporated in the model, including TC-associated maximum sustained
windspeed, cumulative rainfall and surge-driven maximum flood depth,
SDI, population size, population density, built-up ratio, percent of the
population aged > 65 years, percent of the population aged < 9 years,
percent of female population, regulatory quality, government effec-
tiveness, HAQ, and Koppen-Geiger climate zones.

To evaluate the relative statistical importance of these factors in
explaining TC-related deaths, we first used three indicators derived from
the RFR model splitting behavior: minimal depth across forest trees, root
node frequency, and total number of trees where a split occurs.
(Paluszynska et al., 2017) Specifically, minimal depth across forest trees
reflects the average depth at which a factor first appears as a splitting
variable in the decision trees within the forest. A smaller minimal depth
indicates that the factor is highly influential, as it is selected early in the
decision-making process of the model. Root node frequency measures
how often a factor is used as the splitting variable at the root node of the
decision trees. A higher root node frequency suggests that the factor has
a stronger overall influence on the model and is prioritized in initial
splits. The total number of trees where a split occurs represents the
number of trees in which a particular factor is used for splitting at any
node, regardless of its position in the tree. A higher count indicates that
the factor consistently contributes to the model's decisions across the
entire ensemble of trees.

To quantify the relative importance while accounting for the
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uncertainty, we estimated the reduced model performance (i.e., percent
increase in the MAE) for each factor when the factor’s information is
removed by random permutation. (Konig et al., 2020) Specifically, we
recorded a baseline MAE from the RFR model, then repeated the
following procedure 1,000 times for each factor: (i) randomly permute
the factor’s values across observations (preserving its marginal distri-
bution but breaking its association with the outcome and other factors);
(ii) compute the MAE of the trained model on the permuted data; and
(iii) calculate the percent increase in MAE relative to the baseline (i.e.,
%AMAE). The 1,000 repeated permutations produced an empirical
distribution of % AMAE for each factor; we report the mean %AMAE and
the 95% confidence intervals (2.5th-97.5th percentiles) as measures of
central tendency and uncertainty when comparing the factors’ relative
importance.

Moreover, we applied Shapley additive explanations (SHAP) to
further decompose and interpret the constructed RFR model by calcu-
lating SHAP values for each factor included in the model. (Lundberg
etal., 2020; Deng et al., 2025) SHAP values represent the contribution of
individual features to the model output, while accounting for potential
interactions and nonlinear relationships with other variables. (Lundberg
and Lee, 2017) By examining the patterns of SHAP values, we were able
to gain more detailed insights into the influence of each factor. Specif-
ically, SHAP dependence plots that illustrate how variations in each
factor affect model outputs were used to derive exposure-importance
response curves.

Finally, impurity-based importance, a commonly used alternative
measure of feature importance, was extracted from the RFR model as the
total decrease in node impurity (IncNodePurity) attributed to splits on
each factor, summed across all trees. (Voges et al., 2023) For regression
trees node impurity was the residual sum of squares, and larger values
indicated a greater cumulative reduction in impurity resulting from
splits on that variable. To facilitate comparison across approaches and
quantify the relative contribution, each factor’s importance measures
from the three methods (i.e., permutation-based %AMAE, impurity-
based IncNodePurity, and SHAP-based absolute contributions) were
converted into a percentage share by dividing each factor’s value by the
sum of values across all factors and multiplying by 100.

To test the robustness of our results, we conducted the following
sensitivity analysis by excluding the locations in Europe (i.e., the UK,
Portugal, Ireland, Spain, and Iceland) and reran the models because
North Atlantic TCs typically undergo extratropical transition into
mid-latitude storms after European landfall—an evolution that would
reduce the accuracy of our wind-field and rainfall simulations, even
though these extra-tropical transitions contribute to the TCs’ overall,
lasting impacts. In addition, because the used parametric wind field
models did not capture terrain-induced asymmetries in wind speeds
after landfall, we performed sensitivity analysis using a newly developed
global TC wind field dataset (Liu et al., 2025). Unlike conventional
parametric models, this dataset applies a proportional correction to
ERAS reanalysis data. This approach enhances peak TC wind intensities
while preserving the dynamically resolved spatial structure of the
original ERA5 wind field, thereby implicitly accounting for the effects of
complex topography and surface roughness. Finally, to evaluate the
impact of uncertainty from the first-stage mortality estimation on the
variable importance assessment in the second-stage RFR model, we
conducted a Monte Carlo sensitivity analysis. Specifically, we generated
500 independent simulated datasets of excess mortality by randomly
sampling from a normal distribution. This normal distribution was
constructed based on the posterior mean and the standard deviation
derived from the posterior distributions of our first-stage mortality es-
timates. We then re-ran the complete RFR model for each of the 500
simulated datasets and evaluated the distributional stability of the var-
iable importance rankings.

All analyses were performed in R software (version 4.4.1), using the
R packages “INLA” (Lindgren and Rue, 2015) for the first-stage analysis
and “randomForest” (Breiman et al., 2018) and
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“randomForestExplainer” (Paluszynska et al., 2017) for the second-stage
analysis.

4. Results
4.1. Descriptive statistics

A total of 38,793,906 deaths in 413 locations that experienced at
least one TC day (days with TC-associated maximum wind speeds >
17.5 m/s) during the study period across 23 countries or territories were
included in the analysis (Table S1). The geographical locations and the
corresponding TC exposure frequency and characteristics (i.e., TC-
associated windspeed, rainfall and storm surge) are shown in Fig. 1
and Fig. 2. A total of 264 TC events affecting these 413 locations were
included in the analysis, with their best-track routes also depicted in
Fig. 1. The TC exposure frequency varied substantially by location. TCs
were most frequently (>30 days per decade) observed for locations in
Taiwan, Japan, the USA and the Philippines, and less frequently (<5
days per decade) for locations in Canada, Brazil and New Zealand.

4.2. The estimated TC-related mortality

The root mean squared error (RMSE) of the developed ensemble
Bayesian models in estimating location-level weekly deaths is shown in
Table S3. The average RMSE ranges from 1.80 (standard deviation [SD]:
0.75) to 13.18 (SD: 3.09) deaths across different countries and terri-
tories, with an overall average RMSE of 5.02 (SD: 3.70) deaths. Fig. S1
presents the posterior probability of excess deaths following TC events
for each location. Regions with higher TC frequencies (e.g., East and
Southeast Asia, and the southeastern USA) consistently exhibited greater
posterior probabilities of excess mortality (P > 0.8). Notably, the most
severe individual TC events resulted in mortality estimates exceeding
200 deaths, as demonstrated by several events in Japan, the Philippines,
Taiwan, and the USA (Fig. 3).

4.3. Relative importance of potential factors associated with TC-related
mortality

A total of 14 potential associated factors of TC-related deaths were
included in the RFR model, which achieved an out-of-bag R? of 31.4%.
The geographical distributions of these included factors among the TC-
exposed locations across the study countries and territories are shown in
Figs. S2-S13 and Table S4. Fig. 4a depicts the distribution of the mini-
mal depth across decision trees for these variables, with the mean
indicated by a vertical black bar. SDI, population size and density
showed much smaller mean minimal depth compared to other factors,
suggesting their higher relative importance in explaining the variance in
TC-related mortality. These factors, along with other population traits
(e.g., the percent of population aged < 9 years, and percent of popula-
tion > 65 years) and infrastructure development (i.e., built-up ratio),
exhibited higher importance ranking based on mean minimal depth
compared to physical TC characteristics (i.e., TC-associated wind speed,
rainfall, and storm surge). In contrast, climate zones showed much
higher mean minimal depth compared to all other factors, indicating
their minimal relative statistical importance in explaining TC-related
mortality.

Similar patterns were observed in a multiway importance plot
combining indicators of root node frequency, mean minimal depth, and
total number of trees where a split occurs (Fig. 4b). SDI, population trait
indicators, and built-up ratio generally exhibited higher relative statis-
tical importance (i.e., a combination of greater root node frequency,
smaller mean minimal depth and a higher total number of trees where a
split occurs) compared to other factors. Notably, among TC exposure
characteristics, cumulative rainfall exhibited potentially higher statis-
tical importance than maximum sustained windspeed and maximum
flood depth based on these three importance indicators. The results
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Fig. 1. Geographical locations of the 413 TC-exposed sites in 23 countries or territories included in the study and the corresponding number of TC exposure days per
decade during the study period. TC exposure day was defined as a day on which the TC-associated maximum wind speeds at the population centroid were > 17.5 m/s
for each location. The lines represent the best-track routes of TCs. Abbreviations: TC, tropical cyclone.

remain consistent after excluding European locations (25 out of 413
locations; Fig. S14) or using TC wind field data that accounts for terrain-
induced wind field asymmetries (Fig. S15). Furthermore, the robustness
evaluation utilizing 500 Monte Carlo simulations demonstrated that the
variable importance rankings maintained high distributional stability
after accounting for the uncertainty from the first-stage mortality esti-
mation (Fig. S16). Core socio-demographic factors, including the SDI,
percent of population aged < 9 years and population density, consis-
tently occupied the top ranks with minimal fluctuation. Regarding the
key physical characteristics, cumulative rainfall predominantly out-
ranked maximum sustained windspeed, particularly in root node fre-
quency, which reflects a variable's foundational predictive power at the
initial splits of the decision trees.

4.4. Relative shares of factors in explaining TC-related mortality

The percent increase in MAE for the RFR model after random per-
mutation of each factor is shown in Fig. 5a. Among TC physical char-
acteristics, permuting cumulative rainfall resulted in the largest median
increase in MAE, followed by maximum sustained windspeed and
maximum flood depth, indicating that removing rainfall exposure in-
formation contributes more to model error than windspeed or storm
surge. Population characteristics (in particular population density) and
built-up ratio produced the largest increases in MAE of all factors,
exceeding the contributions of TC physical characteristics to model
performance.

Cumulative rainfall consistently showed a highest share of relative
importance among TC physical factors across contribution assessments
based on SHAP values, impurity measures, and permutation importance
(Fig. 5b). Compared to the TC physical variables, population traits and
socioeconomic development indicators exhibited much higher relative
contributions, which consistently account for the majority of the
importance influencing TC-related mortality across various importance
metrics.

4.5. Dominant interacting factors associated with TC-related deaths

We further assessed the relative importance of the interactions
among SDI, population density, built-up ratio, percent of the population
aged < 9 years, HAQ, and TC characteristics (Fig. 6a). Overall, the most
important interactions involved TC physical characteristics (i.e., rain-
fall, windspeed and flood depth) with SDI and population density.
Specifically, the interaction between TC-related cumulative rainfall and
SDI, with TC-related cumulative rainfall as the root factor, was both the
most frequent interaction in the model and the one with the smallest
mean conditional minimal depth. This suggested that their combined
effects had the greatest relative importance in explaining TC-related
deaths. Furthermore, the relative importance of TC-related cumulative
rainfall in explaining the associated deaths is closely related to the SDI of
the affected population.

4.6. Exposure-importance curve for TC physical characteristics

When examining the exposure-importance response curves for TC
exposure characteristics and mortality, all three exposures displayed
clear positive exposure-importance relationships, with greater expo-
sures associated with increased importance in explaining TC-related
mortality (Fig. 6b-d). Maximum sustained windspeed and surge-
driven flood depth exhibited approximately linear exposure-
importance response curves. In contrast, the cumulative rainfall curve
demonstrated a potential non-linear pattern, with a suggestive threshold
effect at around 300 mm of TC-associated weekly cumulative rainfall
(Fig. 6b). The distribution of points suggested a pattern where higher
SHAP values tended to cluster in lower-SDI settings, indicating that
these factors may have greater statistical importance for mortality in
locations with lower socioeconomic development.

5. Discussion

Using a large population-based dataset at a global scale, this study is,
to the best of our knowledge, the first to systematically evaluate the role
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Fig. 2. The decadal cumulative TC-associated maximum sustained windspeed (a), cumulative rainfall (b), and surge-driven maximum flood depth (c) over TC
exposure days in the 413 TC-exposed locations across 23 countries/territories during the study period. Abbreviations: TC, tropical cyclone.
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of a wide range of direct and contextual factors in explaining the TC-
related mortality burden. Socio-demographic factors were found to be
the primary factors associated with local TC-related mortality, surpass-
ing the relative importance of TC physical characteristics. Among TC
characteristics, cumulative rainfall was observed to be the most
important factor associated with TC-related mortality, followed by TC-
induced maximum sustained windspeed and surge-driven flood depth.
The combined effects of TC physical characteristics (in particular cu-
mulative rainfall) and socioeconomic development could be the most
critical associated factors regarding TC-related mortality.

To date, evidence on the factors associated with the TC-related
mortality burden remains scarce, particularly at a multi-country scale.
Most existing studies focused on revealing the health risks of TCs, pri-
marily the elevated mortality risks after TCs in the United States. (Parks
et al., 2023; Young and Hsiang, 2024; Parks et al., 2022; Huang et al.,
2023) These studies have provided partial insights into the factors
influencing TC-related mortality by describing the risks by subgroups of
a single or a limited number of demographic or socioeconomic factors,
such as age, income level, and social vulnerability. (Parks et al., 2023;
Parks et al., 2022; Huang et al., 2024; Huang et al., 2023; Liu et al.,
2023) Generally higher risks were reported among older populations
(Parks et al., 2022) and those with lower incomes (Huang et al., 2024;

Dresser et al., 2016) or greater social vulnerability (Parks et al., 2022).
One relevant global investigation focused on the role of government
effectiveness in explaining country-level TC-related deaths and found it
to be a protective factor independent of income level. (Tennant and
Gilmore, 2020) However, how these relevant contextual factors,
including the physical characteristics of TCs, collectively modify the
risks and their relative importance, is not directly available from existing
studies. Such evidence represents a critical advancement beyond risk
characterization and is essential for a deeper understanding of the health
impacts of TCs.

For TC physical characteristics, our analyses provide suggestive ev-
idence that TC-associated cumulative rainfall is a more prominent
explanatory factor for mortality than either maximum sustained wind-
speed or storm surge. This is consistent with our previous work exam-
ining the relationships between TC-related windspeed and rainfall with
cause-specific mortality across nine countries and territories, which
found that TC-related rainfall could be a stronger mortality risk indi-
cator than windspeed, especially for respiratory, cardiovascular, and
infectious disease-related deaths. (Huang et al., 2025) The present
study, which included TC and all-cause mortality data from 68 coun-
tries/territories supported this finding on a global scale. Historically,
global TC risk assessments and widely used hazard classifications (e.g.,
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the Saffir-Simpson hurricane wind scale) have heavily prioritized TC
windspeed as the primary indicator of potential severity. However, our
findings challenge this traditional wind-centric paradigm on a global
scale. These findings suggest that TC-related rainfall intensity warrants
greater consideration alongside windspeed in early-warning frame-
works, hazard classification schemes and disaster-management
planning.

Furthermore, rainfall was identified as a critical TC characteristic
that interacts with SDI, demonstrating the highest relative importance
regarding the TC mortality disparities. Compared to wind and storm
surge, the impacts of TC rainfall are often more extensive and prolonged,
causing widespread flooding, landslides, water contamination, and
infrastructure damage that can persist long after the storm. (Rappaport,
2014; Bosma et al., 2020; Bosma et al., 2020) These effects can increase
TC-related mortality, particularly in socially disadvantaged commu-
nities and populations with poor infrastructure, reduced disaster pre-
paredness and response capacity. (He et al., 2024; Yang et al., 2023)
Studies have shown that heavy TC-associated rainfall is a leading driver

of severe freshwater flooding, which can become the predominant cause
of mortality during intense TCs. (Huang et al., 2024; Vosper et al., 2023)
The extensive and lingering nature of these rainfall-induced hazards
could disproportionately impact the marginalized populations. For
example, extensive flooding can lead to the interruption of critical
transport routes, water supply contamination and subsequent outbreaks
of waterborne diseases, which under-resourced local healthcare systems
in low-SDI areas are ill-equipped to manage. In addition, populations in
disadvantaged settings tend to reside in substandard housing that is
highly susceptible to prolonged water damage and structural collapse,
which could exacerbate the long-term hazards of the floodwaters.
Consequently, the combination of extreme rainfall and low socioeco-
nomic capacity creates compounding hazards from physical exposure,
infrastructural failure, and reduced healthcare access, thereby widening
mortality disparities. (Young and Hsiang, 2024; Huang et al., 2024).
Our findings indicated that socio-demographic factors, including
economic development, population traits, and built-up ratio, could be
the primary explanatory factors for TC-related mortality, surpassing the
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relative statistical importance of physical cyclone characteristics (i.e.,
rainfall, windspeed and storm surge). This underscored the critical role
of underlying social vulnerability and community development in
explaining variations in health outcomes following TC exposure.
Reducing cyclone mortality may require more than advancements in
meteorological forecasting. Disaster management strategies that address
population vulnerabilities (e.g., through targeted preparedness, resilient
infrastructure and equitable access to healthcare protection) (Huang
etal., 2023; Wolkin et al., 2015; Pratiti, 2023) could potentially achieve
larger reductions in cyclone-related mortality compared to interventions
focused solely on the physical hazards. Furthermore, this highlights the

necessity of integrating socio-demographic data into TC early-warning
systems, evacuation planning, and resource pre-positioning, which
could more effectively improve outcomes and mitigate TC-related health
burden.

Our study had several strengths. While prior research has established
broad associations between cyclone-related mortality and factors such
as socio-demographic vulnerability and rainfall-related hazards, our
study provides new evidence and insights in three key ways. First, unlike
previous global assessments that commonly rely on officially reported
direct loss figures, which are often subject to regional reporting in-
consistencies or political influences, our estimations are derived from
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high-resolution, real-world mortality surveillance data. By using a uni-
fied excess-mortality estimation framework, we ensure a consistent and
comparable assessment of cyclone-associated mortality across countries
and regions. Second, we move beyond locational or single-variable as-
sessments by quantitatively assessing the relative importance of multi-
ple factors simultaneously. To our knowledge, this is the first global
study to systematically compare the respective explanatory contribu-
tions of TC-associated cumulative rainfall, storm surge, and maximum
sustained windspeed, while controlling for economic, demographic, and
locational heterogeneity. Finally, we evaluate the complex statistical
interactions among physical characteristics, population traits, gover-
nance quality, healthcare accessibility, and economic development. This
provides insights into how these variables jointly associate with global

10

mortality disparities. Furthermore, the applied RFR models can account
for non-linear relationships and complex interactions among variables
without relying on subjectively specified non-linear parameters (e.g.,
degrees of freedom in spline functions) or interaction terms. (Liu et al.,
2021; Ronco et al., 2023; Zhou et al., 2023) Compared to traditional
meta-regression models, the RFR models can more effectively capture
intricate patterns in the data and provide robust variable importance
rankings of key factors associated with TC-related mortality.
Nonetheless, several limitations must be acknowledged. First, as
with previous studies (Parks et al., 2022; Huang et al., 2024; Salas et al.,
2024); we assessed TC exposures at the location level rather than the
individual level, as obtaining individual-level data for such a large
sample is impractical. The same exposures were assigned to all
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individuals within a location at a time, despite variations in individual
TC experiences. Such nondifferential misclassification of exposures is
likely to bias our estimates of TC-related mortality toward the null.
(Hutcheon et al., 2010; Wei et al., 2022) In addition, studies have re-
ported varying durations for the increased mortality following TC ex-
posures, ranging from days (Liu et al., 2023) and weeks (Huang et al.,
2025) to months (Parks et al., 2022) or even more than ten years
(Young and Hsiang, 2024) following TC exposure. In this study, we
limited our analysis to deaths occurring within the first two weeks after
each cyclone and focused only on TC-related short-term mortality to
minimise potential confounding and to avoid incorporating mortality
fluctuations unlikely to be causally related to the TCs. More prolonged
mortality likely arising from indirect or secondary hazards of TCs were
thus not captured in this study. Identifying the short-term mortality
contributors can highlight actionable targets for emergency response
and preparedness, particularly in resource-limited settings where miti-
gation efforts are concentrated in the immediate aftermath of a TC
event. Additionally, to enable global analysis, we relied on modelled TC
data (windspeed, rainfall, and storm surge), which introduced inherent
uncertainties and potential biases. The accuracy of the modelled expo-
sures may vary regionally, depending on the availability of calibration
data. However, our sensitivity analyses using an alternative global TC
wind field dataset (ERA5-corrected wind data (Liu et al., 2025) showed
that the relative importance rankings of the key variables remained
robust, and that rainfall still exhibited greater relative importance than
windspeed. Furthermore, it is important to note that our analysis is
fundamentally exploratory and can only capture complex statistical
associations rather than establish direct causal pathways. Therefore, the
identified key factors should be interpreted as important factors asso-
ciated with TC-related mortality rather than definitive causal mecha-
nisms. Future work with advanced causal-inference methods to attribute
long-term mortality would help to characterise the full, longer-term
mortality burden and to integrate short- and long-term perspectives
for policy and planning. Moreover, population displacement and dra-
matic shifts in environmental exposure profiles (e.g., pollutant exposure
redistributions) associated with TCs could be important influential fac-
tors on the mortality. (Huang et al., 2023; Saif et al., 2024) However, to
our knowledge, such data have never been systematically compiled and
available on a multi-TC scale (Acosta and Irizarry, 2022), and therefore
were not accounted for in the current study. To enhance our under-
standing of the health effects of climate and weather-related disasters, it
is highly warranted to collect, compile, and incorporate richer data on
these events in future studies. In addition, our RFR model achieved an
out-of-bag R? of only 31.4% (performance on unseen data), but this is
not unusually low for regression models in the context of public health
research. Evidence consistently shows great variability in mortality
induced by TCs, driven by numerous variables and considerable noise,
which makes achieving high predictive accuracy inherently challenging.
(Parks et al., 2023; Huang et al., 2024; Nethery et al., 2023) Neverthe-
less, this limitation may not substantially affect our findings, as the
primary aim of this study was to assess the relative importance of
various contextual factors rather than making predictions. (Simon et al.,
2023) Furthermore, it is crucial to interpret the random forest impor-
tance metrics as indicators of relative predictive relevance within our
specific set of included variables, rather than definitive measures of real-
world deterministic importance. Certain specific and important factors
associated with TC-related mortality such as the healthcare-seeking
behaviour, effectiveness of early warning and disaster response sys-
tems, and infrastructure resilience were not incorporated in this study
due to the lack of such data measured longitudinally and globally. This
hinders our ability to fully disentangle the underlying mechanisms
contributing to the highly variable mortality following TC events.
Additionally, in our primary model, we used the point estimates of TC-
related mortality from the first-stage Bayesian models as the dependent
variable in the second-stage RFR model without formally propagating
the estimation uncertainty. Consequently, the primary RFR model treats
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the estimated mortality as fixed values, which could introduce noise or
lead to overconfidence in the variable importance metrics. However, our
Monte Carlo sensitivity analysis demonstrated that the relative variable
importance rankings remained generally stable even when this uncer-
tainty was introduced, indicating that this unpropagated uncertainty did
not substantially change our main findings. However, it should be noted
that our Monte Carlo analysis assumed a normal distribution to sample
the uncertainty around the first-stage mortality estimates. Given that the
original Bayesian posterior distributions may exhibit asymmetry, this
normal approximation might not perfectly capture the specific distri-
butional shape of the uncertainty. Finally, despite the large sample size,
the countries and territories included in this study were largely deter-
mined by data availability. We thus did not include some countries with
underdeveloped data infrastructure (i.e., lacking integrated and accu-
rate mortality data) but were potentially vulnerable to TCs (e.g.,
Bangladesh, Myanmar, Haiti). (Huang et al., 2023) Further work from
these underrepresented regions, especially with efforts to harmonize
and extend high-resolution mortality surveillance (e.g., retrospective
vital-registration audits and targeted household surveys), is needed to
complement the evidence provided in this study.

In summary, our analysis provided the largest to date assessment of a
wide range of diverse factors associated with TC-related mortality
burden, spanning TC physical characteristics, local socio-demographic
conditions, governance and healthcare factors, as well as broader cli-
matic context. The findings suggest that TC-related rainfall could be a
particularly stronger global factor associated with TC-related mortality
compared to TC-induced surge-driven flood depth and windspeed.
Among all examined factors, socio-demographic factors were identified
as the most critical factors associated with TC mortality across the globe,
surpassing the relative importance of TC physical characteristics. The
findings support prioritizing risk-reduction strategies that explicitly
address rainfall-driven hazards, mitigate underlying socioeconomic
vulnerabilities, and enhance healthcare system preparedness and resil-
ience to effectively reduce TC-related mortality under current and future
climatic scenarios.
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