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Spatiotemporal patterns of global earthquake disaster impacts
from a human-Earth perspective
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Abstract. Understanding how earthquake disaster impacts vary across space and time is essential for global
disaster risk assessment and reduction planning. Using earthquake disaster records from the Emergency Events
Database (EM-DAT) during 19802024, this study investigates temporal trends, multi-scale spatial patterns,
centroid shifts, and factors associated with cross-national differences in earthquake fatalities. Temporal analyses
reveal a divergence between recorded earthquake disaster frequency and impact consequences. While the
number of recorded earthquake disaster events, affected population, and cumulative economic losses increased
overall, mortality-related indicators declined, particularly after the early 2000s. Spatial analyses demonstrate
substantial heterogeneity among continents, countries, and tectonic plates. Asia accounts for a large proportion
of global earthquake disaster events and associated impacts, whereas the magnitude of impacts differs
considerably among countries. The centroid of recorded earthquake disaster impacts exhibited a successive
spatial shift across three periods (1980-1994, 1995-2009, and 2010-2024), moving from northeastern Africa
west of the Red Sea toward the Arabian Sea, with inter-period displacements of approximately 909 km, 1476 km,
and 433 km, respectively. Weighted centroids based on fatalities, affected population, and economic losses
showed different spatial trajectories, indicating distinct spatial organizations of impact dimensions. The
Geographical Detector results indicate that earthquake magnitude showed the highest explanatory power for
spatial differences in fatalities (q = 0.17), and interactions among factors generally enhanced spatial associations.
These findings provide a global assessment of earthquake disaster impacts by integrating temporal evolution,
spatial redistribution, and associated factors, offering comparative evidence for regional risk identification,

exposure management, and disaster preparedness planning.

1 Introduction

Earthquake disasters remain among the most destructive natural hazards worldwide, causing profound human,
economic, and infrastructural losses each year (United Nations Office for Disaster Risk Reduction (Undrr), 2023;
Daniell et al., 2017). Despite notable advances in seismology, engineering design, and emergency response
systems, global earthquake losses have not declined uniformly. Instead, rapid urban expansion, population
concentration in seismic belts, and intensified development in tectonically active landscapes continue to elevate
exposure and reinforce event vulnerability (Cutter, 2021; Aksha and Khanal, 2019; Diizgiin et al., 2023). This
persistent rise in event impacts—despite improved monitoring and hazard science—illustrates a central paradox

in contemporary earthquake risk: earthquake disaster impacts increasingly reflect interactions between
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geophysical hazards and evolving social-environmental conditions. These interactions highlight that disaster risk
becomes observable through realized impacts on populations and economies.

A human—Earth perspective provides a framework for understanding why similar earthquake hazards may
correspond to different disaster impacts across regions. From this perspective, earthquake impacts are viewed as
the outcome of the spatial configuration of earthquake characteristics, population exposure, and socioeconomic
conditions, which are associated with differences in the spatial and temporal distribution of recorded disaster
consequences (Gall et al., 2011; Lee et al.,, 2022). Geophysically, seismic hazards are structured by plate
interactions, strain accumulation, and lithospheric deformation, forming persistent seismic belts such as the
Pacific Ring of Fire and the Alpine-Himalayan arc (Bird, 2003a; Kagan and Jackson, 2016). Yet similar
earthquakes often produce vastly different outcomes depending on demographic exposure, infrastructure quality,
governance effectiveness, and environmental fragility (Anbarci et al., 2005; Keefer et al., 2011; Wyss et al.,
2023). These disparities underscore a growing recognition that earthquake disasters result from the interaction
between natural hazards and socially mediated vulnerability across space (Cohen and Werker, 2008; Reid, 2013;
Ismail-Zadeh, 2024).

Previous studies have demonstrated that earthquake disaster impacts are highly heterogeneous across
regions and cannot be explained by seismic characteristics alone. Differences in earthquake magnitude, focal
depth, and tectonic setting provide the physical context of disaster events, while variations in population
distribution and economic conditions influence the spatial concentration of exposed populations and assets.
Global earthquake risk assessments have shown that the combination of seismic hazard, exposure, and
socioeconomic conditions is essential for understanding variations in human and economic losses across
countries and regions (Jaiswal et al., 2010; Daniell et al., 2011; Silva et al., 2019). However, previous studies
have often focused on individual dimensions of earthquake risk or specific regions, and the global-scale spatial
relationships among earthquake characteristics, population exposure, socioeconomic conditions, and different
impact outcomes remain insufficiently quantified.

Despite substantial progress in regional seismic hazard studies, global-scale analyses of earthquake disaster
impacts, as distinct from seismicity alone, remain limited. Most global assessments rely on instrumental
catalogs to evaluate earthquake occurrence, magnitude—frequency patterns, or aftershock clustering (Zaliapin
and Ben-Zion, 2013; Kagan and Jackson, 2016). While crucial for characterizing physical processes, these
studies do not explain why comparable earthquakes generate disproportionate losses across countries (Noy,
2016; Li et al., 2021; Guo et al., 2020). Recent global models of seismic exposure and vulnerability (Xofi et al.,
2022) represent important advances but underrepresent governance, environmental change, and socio-economic
inequality-factors identified by the Sendai Framework as root causes of escalating disaster risk (United Nations
Office for Disaster Risk Reduction (Undrr), 2023).

Moreover, the interaction effects among multiple explanatory factors remain poorly understood at the
global scale. Traditional regression approaches frequently assume linearity and overlook spatial stratification,
non-linear amplification, and synergistic interactions, such as those between population density and governance
quality or between basic public infrastructure, precipitation, and topography (Wang et al., 2010b; Hu et al., 2011;
Ansari et al., 2025). Yet multi-factor interactions contribute to spatial differentiation of recorded disaster impacts
within rapidly changing socio-ecological systems (Burton, 2015; Aksha and Khanal, 2019). Addressing these
analytical limitations requires tools capable of detecting spatial heterogeneity and quantifying both independent
and interactive effects within complex, coupled systems.

To address these gaps, this study integrates EM-DAT global event records (1980-2024), GIS-based spatial
analysis, and the Geographical Detector model to examine the spatiotemporal variations and spatial associations

of global earthquake disaster impacts. Specifically, we address four interrelated scientific questions:
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(1) How have global earthquake disaster impacts changed over time?

(2) How are earthquake disaster impacts spatially distributed across continents, countries, and tectonic
regions?

(3) How have the spatial distributions of global earthquake disaster impacts changed over time?

(4) Which earthquake characteristics, disaster-process attributes, population exposure, and socioeconomic
conditions are statistically associated with spatial differences in earthquake mortality and economic losses, and
how do these factors interact spatially?

By adopting a multi-scale human—Earth perspective, this study provides a globally comparable assessment
of earthquake disaster impact patterns over four decades. It identifies temporal variations, spatial redistribution
characteristics, and the spatial associations between earthquake attributes and human exposure conditions,

providing new insights into the geographical differentiation of global earthquake impacts.

2 Data sources and processing
2.1 Data sources

This study used earthquake disaster records from the Emergency Events Database (EM-DAT) for the period
1980-2024 (Cred, 2024). EM-DAT is an impact-oriented global disaster database that records disasters
associated with substantial human and socioeconomic consequences rather than a complete catalogue of all
instrumentally detected earthquakes (Peduzzi and Herold, 2005; Rosvold and Buhaug, 2021). Events are
included when they meet at least one impact-based criterion, including =10 deaths, =100 affected people, a
declaration of a state of emergency, or a request for international assistance (Cred, 2023). Therefore, EM-DAT
may include relatively moderate-magnitude earthquakes when they generate substantial societal impacts, while
lower-impact events below inclusion thresholds may be underrepresented.

Previous studies have highlighted that disaster databases, including EM-DAT, are affected by reporting
practices, data availability, and temporal variations in documentation capacity, which may introduce
uncertainties into long-term comparisons (Gall et al., 2011; Guha-Sapir et al., 2012). Economic loss records are
particularly subject to uncertainty because they depend on post-disaster assessments and national reporting
procedures (Jones et al., 2022; Delforge et al., 2025). Accordingly, this study investigates the spatiotemporal
patterns of recorded earthquake disaster impacts in EM-DAT, including fatalities, affected population, and
economic losses, rather than global seismic occurrence patterns. Given the objective of assessing the
geographical differentiation of documented earthquake consequences, EM-DAT provides an appropriate
impact-based data source for global comparative analysis.

Transboundary earthquake events were retained as separate country-specific records because EM-DAT
reports their impacts independently for each affected country. The magnitude composition and spatial
distribution of the earthquake disaster records extracted from EM-DAT for the period 1980-2024 are shown in
Figure 1. The extracted records cover a broad magnitude range, with both moderate- and high-magnitude
earthquakes included. The magnitude distribution by continent and period is summarized in Supplementary
Table S1. To further evaluate the consistency of EM-DAT records, an independent comparison with the NCEI
earthquake database was conducted for overlapping years (1980-2020). The temporal variations of recorded
events, fatalities, and economic losses showed consistent patterns between the two databases (Supplementary
Fig. S1).
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Figure 1. Global spatial distribution of earthquake disaster events recorded in EM-DAT by magnitude, 1980-2024. Base
map source: Standard map provided by the Ministry of Natural Resources of the People's Republic of China
(https://www.tianditu.gov.cn/). The base map has not been modified.

2.2 Data processing

The EM-DAT database provides information including occurrence time, epicenter coordinates (latitude and
longitude), affected countries (with ISO codes), affected population, fatalities, and economic losses. Based on
these raw records, we constructed a harmonized national-level dataset through spatial matching and attribute
aggregation. For each country, the following indicators were calculated: cumulative earthquake frequency,
cumulative fatalities, cumulative affected population, and cumulative economic losses. Because reported impact
variables in EM-DAT are compiled from disaster assessments, their completeness varies among indicators and
regions. Therefore, indicator-specific analyses were based on available records, and the completeness of
fatalities, affected population, and economic loss information was assessed separately (Supplementary Table S2).
To better capture event severity and normalized impacts, four per-event indicators were further derived: (1)
Average number of affected people per event, (2) Average fatalities per event, (3) Average economic loss per
event, and (4) Mortality rate (defined as fatalities relative to affected population). To improve cross-country
comparability, fatalities were normalized by the annual population of the affected country, and economic losses
were normalized by the corresponding national GDP before comparative analyses.

The 45-year study period (1980-2024) was divided into three consecutive 15-year intervals (1980-1994,
1995-2009, and 2010-2024). This equal-length division makes full use of the available data while ensuring
comparable observation periods. It also provides sufficient earthquake disaster records within each interval for
stable country-level analyses of spatial distribution, centroid migration, and explanatory factors. To improve
temporal comparability, reported economic losses were adjusted for inflation using the OECD Consumer Price
Index (CPI) and expressed in constant US dollars, following the approach described by Delforge et al., (2025).
This standardization reduces the influence of inflation on comparisons of economic losses across years.

To evaluate whether long-term temporal patterns were sensitive to a small number of catastrophic events,
sensitivity analyses were conducted by removing five extreme earthquake disasters (2004 Sumatra—Andaman

earthquake and Indian Ocean tsunami, 2008 Wenchuan earthquake, 2010 Haiti earthquake, 2011 Great East
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Japan earthquake and tsunami, and 2023 Tiirkiye—Syria earthquake). The results were compared with those from

the original dataset (Supplementary Fig. S2 and Table S3).

3 Methods
3.1 Temporal variability analysis method

To characterize the temporal evolution of recorded earthquake disaster events in EM-DAT from 1980 to 2024,
with emphasis on disaster impacts rather than global seismic activity, linear regression and the Mann-Kendall
(MK) trend test were employed. These methods are widely applied in disaster risk and climate-related research
to identify long-term trends in impact-related indicators under non-normal distributions and reporting
uncertainty (Wang et al., 2021). The MK test, a non-parametric approach robust to outliers and missing values,
was used to evaluate monotonic trends in eight earthquake event indicators, including frequency, fatalities,
affected population, and economic losses. Before applying the MK test, lag-1 autocorrelation was examined for
all annual indicators to evaluate the independence assumption of the time series. The results showed that most
indicators did not exhibit significant autocorrelation, whereas the annual number of recorded events showed
significant lag-1 autocorrelation (p < 0.05). Therefore, pre-whitening correction was applied to this indicator,
while other indicators were analyzed using the original MK procedure (Supplementary Table S4). The MK

statistic S was computed following standard procedures, as follows:

S= 1 L sign (gx) (1)

JEitl

Where x; and x; represent two observations in the time series. The sign function returns 1, 0, or —1
depending on whether the difference is positive, zero, or negative. Fatalities, affected population, economic
losses, and their event-normalized indicators exhibited strongly right-skewed distributions. These variables were
transformed using logio(x+1) for regression-based temporal analysis and graphical presentation. The uncertainty
of the fitted temporal trends was evaluated using 95% confidence intervals of the linear regression estimates.
The confidence bands around the fitted trends are presented in Figure S4. The addition of 1 retained explicitly
reported zero values. Annual disaster-event counts were retained on their original scale. The descriptive statistics
of annual indicators showed substantial differences between mean and median values, confirming the strong
skewness of impact-related variables (Supplementary Table S5). The corresponding log-scale temporal patterns
are additionally presented in Supplementary Figure S4.

The standardized Z-value was then derived to assess trend significance:

S-1 .
[n(-D@nt3) if >0
18
Z=X0 if §=0 2)
S+1 if'S<0

n(n-1)(2n+5)
18

A positive Z-value indicates an upward trend, while a negative value indicates a downward trend.
Significance thresholds were set at |Z] = 1.28 (90%), 1.64 (95%), and 2.33 (99%) (Casella and Berger, 2002). By
combining linear regression slopes with MK significance testing, this approach evaluates both the magnitude
and statistical significance of long-term changes in earthquake disaster impacts. Considering that several
catastrophic earthquakes may disproportionately affect annual impact indicators, a sensitivity analysis was

further conducted by removing five extreme disaster events (the 2004 Sumatra-Andaman earthquake and Indian
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Ocean tsunami, 2008 Wenchuan earthquake, 2010 Haiti earthquake, 2011 Great East Japan earthquake and
tsunami, and 2023 Tiirkiye—Syria earthquake). The comparison between the original and extremes-removed
datasets is shown in Supplementary Figure S1, with corresponding trend statistics summarized in

Supplementary Table S3.
3.2 Spatial variability analysis method
3.2.1 Geometric centroid analysis

Geometric centroid analysis was used to examine the spatial distribution and temporal redistribution of recorded
earthquake disaster impacts during different periods. These centroids represent the statistical centers of
EM-DAT-recorded disaster events or impact-weighted distributions, rather than the physical locations of
earthquake sources or changes in seismic activity. For each study period, centroid coordinates were calculated
using a weighted mean:

2o X

"oy
, Y, == i 3)

ne o
i=1 @i

xt = no.
=11

where n, is the number of earthquake disaster records in period ¢ ; i denotes the i-th event; X; and Y, are
the longitude and latitude of the event, respectively; and w; is the corresponding weight. Four centroid types
were calculated. The unweighted centroid (w; =1) represents the spatial distribution of recorded earthquake
disaster events, whereas the weighted centroids use fatalities, affected population, and economic losses as
weights to represent the spatial distribution of different impact dimensions. Therefore, different centroid
estimates describe different dimensions of earthquake disaster impacts: the unweighted centroid reflects the
spatial distribution of recorded events, while weighted centroids emphasize the spatial concentration of specific
societal consequences.

Centroid migration distances between consecutive periods were calculated using the Geodesic method in
ArcGIS Pro under the WGS 1984 geographic coordinate system. This method measures the shortest path
between two centroid locations on the reference ellipsoid, making it suitable for global-scale distance
calculations while avoiding distortions associated with planar distance measurements. All migration distances

are reported in kilometres.
3.2.2 Data completeness and variable-specific treatment

Reported zero values for fatalities, affected population, and economic losses were retained as valid observations
and distinguished from missing values. Blank or unavailable entries were treated as missing and were not
imputed. All earthquake disaster records with valid geographic coordinates were retained in the centroid
analyses. The centroid analysis therefore used the full set of records with available spatial coordinates, without
restricting events based on impact-variable completeness. For weighted centroid calculations, only records with
available values for the corresponding weighting variable were included. For the Geographical Detector analysis,
countries with missing socioeconomic, governance, environmental, healthcare, or GDP-related indicators were
excluded only from the corresponding analysis, while remaining available for all other analyses. This
variable-specific treatment maximized data utilization while avoiding bias introduced by artificial value

imputation.

3.2.3 Uncertainty assessment of centroid location and displacement
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Bootstrap uncertainty assessment. Uncertainty in centroid locations was evaluated using nonparametric
bootstrap resampling. Within each study period and weighting scheme, earthquake disaster records were
sampled with replacement, and the statistical centroid was recalculated for each bootstrap replicate. The 2.5th
and 97.5th percentiles of the bootstrap longitude and latitude distributions were used to construct 95%
confidence intervals for centroid locations. The resulting centroid coordinates and confidence intervals are
reported in Supplementary Table S6.

Bootstrap confidence intervals for centroid displacement. To quantify uncertainty in centroid
displacement between consecutive periods, records from each pair of study periods were independently
resampled with replacement. The corresponding statistical centroids were recalculated, and their geodesic
separation was computed for each bootstrap replicate. Percentile-based 95% confidence intervals were obtained
from the bootstrap displacement distribution. The observed displacement distances, bootstrap confidence
intervals, and permutation-test results are summarized in Supplementary Table S7. Because geodesic
displacement is constrained to be non-negative, the bootstrap confidence intervals characterize uncertainty in
displacement magnitude rather than statistical significance. Statistical significance was therefore evaluated using
permutation tests. This distinction avoids interpreting uncertainty intervals of non-negative displacement
distances as hypothesis tests, while permutation tests directly evaluate whether observed centroid shifts exceed

those expected under random temporal reassignment.
3.3 Spatial stratified association analysis using the Geographical Detector model

In this study, the Geographical Detector model was applied to examine spatial statistical associations between
earthquake disaster impacts and a set of geophysical and socioeconomic covariates. Unlike regression-based
approaches, this method evaluates whether the spatial stratification of explanatory variables corresponds to the
spatial differentiation of recorded disaster impacts. Therefore, the detected variables represent variables with

statistical explanatory power for spatial heterogeneity rather than causal determinants.
3.3.1 Response variables and explanatory variables

The Geographical Detector model was applied to examine spatial statistical associations between earthquake
disaster impacts and potential explanatory variables at the event level. This method evaluates whether the spatial
stratification of explanatory variables corresponds to the spatial differentiation of recorded disaster impacts.
Therefore, the detected relationships represent statistical associations and explanatory power for spatial
heterogeneity rather than causal effects or confirmed physical mechanisms.

Two response variables were selected to characterize different dimensions of earthquake disaster impacts:
fatalities per million population and GDP-normalized economic losses. To improve comparability among
countries with different population sizes and economic scales, both indicators were calculated using
country-specific conditions in the corresponding earthquake occurrence year.

Fatalities per million population was calculated as:
FPM=2x10° (4)

where FPM represents fatalities per million population, F denotes the number of fatalities associated with
an earthquake disaster event, and P represents the population of the affected country in the corresponding year.

GDP-normalized economic losses were calculated as:

L
GDPLZE (5)
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where GDP; represents the proportion of direct economic losses relative to national GDP, L denotes the
reported direct economic loss of an earthquake disaster event, and GDP represents the GDP of the affected
country in the corresponding year.

These event-specific normalization procedures reduce the influence of differences in population size and
economic scale among countries and provide more comparable measures of earthquake disaster impacts.
Because earthquake disaster impact variables exhibited strongly right-skewed distributions, logio(x+1)
transformation was applied before Geographical Detector analysis. The addition of 1 retained zero-valued
observations while reducing the influence of extreme events. Summary statistics of the response variables are
provided in Supplementary Table S5.

The explanatory variables were selected to represent earthquake characteristics, disaster processes, and
socioeconomic conditions associated with spatial differences in recorded earthquake disaster impacts.
Earthquake-related variables included magnitude, focal depth, and seismotectonic type. Seismotectonic type was
classified into four categories: shallow crustal earthquakes, subduction earthquakes, intraplate earthquakes, and
megathrust earthquakes. Disaster-process type was included to distinguish earthquake-only disasters from
earthquake—tsunami compound disasters. Socioeconomic variables included population density and GDP per
capita, representing differences in population exposure and national economic conditions. The definitions, data

sources, and representations of all explanatory variables are summarized in Table 1.

Table 1. Explanatory variables used in the Geographical Detector analysis of earthquake disaster impacts and data sources.

Indicator Data source Representation
. . LandScan (Sims et al., Represents spatial variation in population
Population Density 2022) distribution and exposure conditions.
Represents differences in national economic
GDP per capita ESG (World Bank, 2025)  conditions and development levels among affected
countries.

Represents earthquake size and provides
Magnitude EM-DAT (Cred, 2024) information on differences in earthquake energy
release among events.

Represents the depth of earthquake occurrence and
Focal depth USGS (Survey, 2026) is associated with variations in ground motion
characteristics among events.

Represents tectonic classification characteristics.
Zenodo (Hasterok et al., Events were classified into shallow crustal
2022) earthquakes, subduction earthquakes, intraplate
earthquakes, and megathrust earthquakes.

Seismotectonic type

Distinguishes earthquake-only disasters from
Disaster-process type EM-DAT (Cred, 2024) earthquake—tsunami compound disasters to
represent differences in disaster processes.

To ensure temporal consistency between earthquake impacts and explanatory variables, all variables were
matched according to the earthquake occurrence year and the affected country. Physical earthquake
characteristics were directly linked to individual earthquake records, whereas socioeconomic variables were
assigned according to the corresponding country-year conditions. This event-level matching approach avoids
applying contemporary socioeconomic conditions to historical earthquake disasters and provides a more
consistent basis for evaluating spatial associations during the 1980-2024 study period.

Continuous explanatory variables were subsequently discretized into categorical strata before Geographical
Detector analysis. The tested discretization methods, numbers of strata, and sensitivity analyses of alternative
classification schemes are described in Section 3.3.2 and summarized in Supplementary Tables S9, and S10,

Supplementary Fig. S3.
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3.3.2 Single-factor detector

The factor detector was applied to quantify the spatial explanatory power of individual explanatory variables for
the spatial heterogeneity of earthquake disaster impacts. The g-statistic measures the extent to which the spatial
stratification of an explanatory variable corresponds to the spatial distribution of the response variable.
Therefore, the obtained g-values represent statistical spatial explanatory power rather than causal effects.

The g-statistic ranges from 0 to 1, with larger values indicating stronger explanatory power of the
corresponding explanatory variable for the spatial differentiation of the response variable (Wang et al., 2016).

The g-statistic was calculated as follows:

L
i1 Nu i

g=1-—L% (©6)

Where ¢ denotes the explanatory power of explanatory variable X for response variable Y, with values
range of [0,1]. L represents the number of strata generated after discretizing X. N, and N represent the number of
samples in stratum / and the total number of samples, respectively. o7 and o represent the variances of ¥
within stratum /4 and the overall dataset, respectively.

Because the Geographical Detector model requires continuous explanatory variables to be converted into
categorical strata, continuous variables were discretized before factor detection. Several commonly used
discretization methods, including equal interval, quantile, and natural breaks (Jenks), were tested with different
numbers of strata. For each explanatory variable, the optimal discretization scheme was selected based on the
combined evaluation of g-statistic performance and robustness measured by the coefficient of variation (CV).
The selected discretization schemes and sensitivity comparisons among alternative classification methods are

provided in Supplementary Tables S9 and S15, Supplementary Fig. S3.
3.3.3 Interaction detector

The interaction detector was applied to evaluate whether the combination of two explanatory variables provides
additional spatial explanatory power for earthquake disaster impacts compared with individual variables. Rather
than identifying causal interactions, this method evaluates whether the joint spatial stratification of two
explanatory variables corresponds to stronger spatial differentiation of the response variable. The interaction

g-statistic was calculated as follows:

L 2
3 N2 ahin

qX NX)=1-—=—7 (7

Where g(X; NX;) denotes the joint explanatory power of two explanatory variables Xj and X, for response
variable Y. Lrepresents the number of combined strata generated by overlaying the two explanatory variables. N,
and N represent the number of samples within combined stratum h and the total number of samples,
respectively. o7 and o> represents the variance of Y within combined stratum h and the overall dataset,
respectively.

The interaction type was determined by comparing the interaction g-value g(X; NX,) with the individual
g-values of Xj and X, . Following the standard Geographical Detector classification, interactions were
categorized as follows: independent enhancement when q(Xi N X2) < min(q(X1),q(X2)), bilinear enhancement
when q(Xi1 N X2)>max(q(X1),q(X2)), and nonlinear enhancement when q(Xi N X2)>q(X1)+q(X2). All pairwise
combinations of explanatory variables were evaluated to identify whether combined spatial stratification

provided stronger explanatory power than individual variables alone.
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3.3.4 Statistical significance and robustness assessment

The statistical significance of g-statistics was evaluated using permutation tests. For each explanatory variable,
the observed g-statistic was compared with the distribution of g-statistics obtained by randomly permuting the
response variable while keeping the explanatory variable unchanged. This procedure was repeated to estimate
the probability that the observed spatial explanatory power could arise by random chance.

The corresponding p-values were calculated for both factor detector and interaction detector results. A
smaller p-value indicates stronger statistical evidence that the observed g-statistic differs from random
expectations. Statistical significance was assessed using a threshold of p<0.05.

To evaluate the robustness of the Geographical Detector results, sensitivity analyses were conducted for
alternative discretization schemes and numbers of strata. The stability of explanatory power under different
parameter settings was assessed using variations in g-statistics and coefficient of variation (CV). Detailed

sensitivity results are provided in Supplementary Table S10.

4 Spatiotemporal characteristics analysis of global earthquake events
4.1 Temporal trends and period-based variations of global earthquake disaster impacts

Inter-annual variability in global earthquake impacts from 1980 to 2024 reveals distinct and contrasting trends
across different indicators (Figure 2). Trend descriptions below refer to the transformed values for
impact-related indicators and original values for event counts, following the preprocessing procedures described
in Section 3.

The number of recorded earthquake disaster events in the EM-DAT database shows a clear upward trend
(slope = 0.15). The MK test indicates that this upward trend is statistically significant after considering lag-1
autocorrelation through pre-whitening correction (Supplementary Table S4). Cumulative affected population
exhibits only a slight upward trend with substantial year-to-year fluctuations, while the average affected
population per event shows only a marginal increase over time. Several pronounced peaks in affected population,
fatalities, and economic losses correspond to major catastrophic earthquakes, including the 2004 Sumatra
earthquake and Indian Ocean tsunami, the 2008 Wenchuan earthquake, the 2010 Haiti earthquake, the 2011
Tohoku earthquake, and the 2023 Tiirkiye - Syria earthquake. These events substantially influenced short-term

fluctuations in multiple indicators.

10
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Figure 2. Temporal trends of major global earthquake event impact indicators and associated extreme events during
1980-2024. a) Number of Recorded Earthquake Disaster Events; b) Cumulative Number of Affected People ; c) Mortality
Rate ; d) Average Number of Affected People per Event; e) Cumulative Economic Losses; f) Cumulative Number of
Fatalities; g) Average Economic Loss per Event; h) Average Number of Fatalities per Event. Major extreme earthquake
disaster events associated with prominent peaks are annotated in red boxes, including representative earthquake and
earthquake-tsunami compound disasters. Panel (a) is presented on the original scale. Because the remaining impact
indicators exhibit strongly right-skewed distributions and include zero values, panels (b)-(h) display logio(x+1)-transformed
annual values. The red lines represent linear trends fitted to the displayed values, and the blue dashed lines indicate their
corresponding means.

The mortality rate displays a mild downward tendency, and the MK test confirms a statistically significant
decline over the study period (Supplementary Table S4), indicating reduced fatalities relative to affected
populations. Cumulative economic losses also show a slight but statistically insignificant upward tendency,
whereas average economic loss per event demonstrates a weak declining trend. The fitted trend remains
associated with considerable uncertainty due to strong inter-annual fluctuations, as reflected by the 95%
confidence intervals of regression estimates (Supplementary Fig. S4). In contrast, average fatalities per event
show an apparent increasing tendency (slope = 12.73), which is strongly influenced by a limited number of
catastrophic earthquakes with exceptionally high fatality levels. Because this indicator is calculated as
cumulative fatalities divided by the number of recorded events, its temporal variation reflects the combined

effects of event frequency and extreme-event contributions. Therefore, the observed increase should not be
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interpreted as a generalized increase in fatality severity across all earthquake disasters, but rather as a shift
toward greater concentration of fatalities in a small number of extreme events.

Although several catastrophic earthquakes substantially amplified short-term fluctuations in fatalities,
affected population, and economic losses, sensitivity analyses excluding five extreme disasters (the 2004
Sumatra—Andaman earthquake and Indian Ocean tsunami, 2008 Wenchuan earthquake, 2010 Haiti earthquake,
2011 Great East Japan earthquake and tsunami, and 2023 Tiirkiye—Syria earthquake) indicate that the overall
temporal tendencies remain generally consistent, although the magnitude of some trends changes
(Supplementary Fig. S2 and Table S3). These results suggest that annual variations in earthquake disaster
impacts reflect both underlying long-term temporal patterns and episodic extreme events, rather than being
solely attributable to a limited number of catastrophic disasters.

To further examine whether temporal variations reflected changes in the distributional structure of
earthquake disaster events, kernel density estimation (KDE) and Gaussian mixture modeling (GMM) were
applied to evaluate potential multimodal characteristics of major impact indicators across different periods. The
results show that several indicators exhibit multimodal distributions, suggesting substantial heterogeneity in the
composition of recorded earthquake disaster events across time periods. Detailed multimodality test results
based on KDE modes, optimal GMM components, and distributional classifications are provided in
Supplementary Table S11, with corresponding density distributions illustrated in Supplementary Fig. S5.

To further examine whether earthquake disaster impacts differed across broader temporal stages, the
45-year study period was divided into three consecutive 15-year intervals (1980-1994, 1995-2009, and
2010-2024). This period-based comparison complements the annual trend analysis by focusing on differences in
impact levels among distinct time windows. Eight earthquake event indicators were examined across three
consecutive 15-year periods (Figure 3). Most indicators—including mortality rate, cumulative deaths, affected
population, and their event-normalized counterparts—showed their highest values during the second period
(1995-2009). In contrast, economic indicators showed a slightly different pattern: although cumulative and
per-event economic losses remained high during the third period (2011-2024), their values were slightly lower
than those of the second period. Earthquake frequency also increased markedly in the second period and then
declined slightly in the third, while remaining above the level observed in the first period. In the most recent
period, substantial reductions in cumulative and per-event fatalities and affected populations led to a pronounced
decline in mortality rates. These results indicate a recent reduction in the fatality ratio of recorded earthquake

disasters, occurring alongside persistently high—though slightly reduced—Ievels of economic exposure.
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Figure 3. Analysis of changes in global earthquake event indicators from 1980 to 2024. NOE represents number of
earthquakes, CNAI represents cumulative number of affected people, CEL represents cumulative economic losses, CDT
represents cumulative number of fatalities, AAPE represents average number of affected people per event, AELPE represents

average economic loss per event, ADPE represents average number of fatalities per event, MR represents mortality rate.

Together, the annual trend analysis and period-based comparison indicate that changes in recorded
earthquake disaster event frequency were not accompanied by uniform changes in all impact indicators. Instead,
different dimensions of earthquake disaster impacts exhibited distinct temporal patterns. While mortality-related
indicators showed a decreasing tendency in the most recent period, economic impacts remained relatively high,

and several catastrophic events continued to contribute substantially to annual fluctuations.

4.2 Multi-scale spatial patterns and redistribution of recorded earthquake disaster impacts

The spatial distribution of recorded earthquake disaster impacts reflects the combined configuration of seismic
characteristics, population exposure, and socioeconomic conditions. To characterize spatial heterogeneity across
different geographical contexts, analyses were conducted at three complementary scales. Continental-scale
comparisons were used to identify broad regional differences in impact contributions, national-scale analyses
were applied to examine cross-country heterogeneity in impact magnitude and temporal trends, and statistical
centroid analysis was used to characterize temporal redistribution of recorded earthquake disaster impacts across
global and tectonic-region scales. Together, these analyses describe where earthquake disaster impacts are
concentrated, how their spatial patterns differ among regions, and how their statistical distributions change over

time.

4.2.1 Global regional concentration of earthquake disaster impacts

Continental-scale comparisons provide a broad overview of regional differences in recorded earthquake disaster
impacts during 1980-2024 (Supplementary Fig. S6). Asia accounts for the largest contributions to most
cumulative indicators, including the number of recorded earthquake disaster events, cumulative affected
population, cumulative fatalities, and cumulative economic losses. This pattern is associated with extensive

earthquake exposure, large populations, and the concentration of disaster records within major seismic regions.
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However, normalized impact indicators show different continental patterns. Mortality-related indicators
and average fatalities per event exhibit relatively higher contributions from some regions despite their smaller
share of total recorded events, indicating that a limited number of high-impact disasters can substantially
influence per-event impact metrics. Similarly, Europe shows relatively low contributions to recorded earthquake
frequency but a comparatively higher contribution to average economic loss per event. The contribution of
major earthquake events indicates that such continental-scale differences can be strongly affected by a small
number of high-loss events (Supplementary Fig. S7).

Overall, continental-scale comparisons demonstrate that the spatial distribution of earthquake disaster
impacts varies substantially among impact dimensions. The continental composition of the eight earthquake
impact indicators is shown in Supplementary Fig. S6, while the contribution of major individual events is

further examined in Supplementary Fig. S7.
4.2.2 National-scale heterogeneity of earthquake disaster impacts

National-scale analyses reveal substantial spatial heterogeneity in both the magnitude and temporal
characteristics of recorded earthquake disaster impacts (Supplementary Fig. S8). Countries located along major
seismic belts, including regions in East and Southeast Asia, the Mediterranean region, and western South
America, generally exhibit higher levels of recorded earthquake events and cumulative impacts.

The spatial patterns of different impact indicators are not identical. Countries with large populations, such
as China, India, and Indonesia, contribute substantially to cumulative affected population and fatalities, whereas
countries with concentrated economic assets, including Japan, the United States, and several European countries,
show higher levels of economic losses. These differences indicate that earthquake disaster impacts represent
multiple dimensions associated with event characteristics, population exposure, and socioeconomic context.

Temporal trend statistics further reveal heterogeneous patterns among countries (Fig. S7). Significant
increases or decreases occur only in specific regions and for particular indicators, while many countries show
non-significant temporal variations. This suggests that changes in recorded earthquake disaster impacts do not

follow a uniform global pattern but vary among national contexts.
4.2.3 Temporal redistribution of statistical centroids across tectonic regions

Statistical centroid analysis was used to characterize temporal changes in the spatial distribution of recorded
earthquake disaster impacts. These centroids represent the statistical centers of EM-DAT-recorded disaster
events or impact-weighted distributions, rather than physical earthquake locations or shifts in seismic activity.
At the global scale, the unweighted centroid showed a northeastward redistribution during 1980 - 2024
(Figure 4a,b). The centroid moved from 32.27° E, 21.89° N in 1980 - 1994 to 50.41° E, 21.75° Nin 1995 -
2009, corresponding to a displacement of 1872.4 km (p = 0.0024). It subsequently shifted to 57.77° E, 20.72°
N in 2010 - 2024, with a smaller displacement of 770.4 km, which was not statistically significant (p = 0.1767)
(Supplementary Table S6; Supplementary Table S7). These changes indicate temporal redistribution of recorded

earthquake disaster events rather than a migration of seismic activity.
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Figure 4. Spatiotemporal evolution of global and plate-scale earthquake disaster impact centroids and spatial dispersion
patterns from 1980 to 2024. a) Global standard deviation ellipses and centroid trajectories of recorded earthquake disaster
impacts across four periods; b) Global centroid displacement trajectory; c) Centroid shifts within the American tectonic
region; Centroid shifts within the d) African tectonic region, e) Eurasian tectonic region, f) Indian Ocean tectonic region, and

g) Pacific Plate. The plate boundary data were from the global plate boundary dataset (Bird, 2003b).

Weighted centroids showed distinct spatial patterns among different impact dimensions. During 1980-2024,
population-weighted, fatality-weighted, and economic-loss-weighted centroids were located differently from the
unweighted centroid, reflecting the uneven spatial distribution of affected populations, fatalities, and economic
losses (Figure 4; Supplementary Table S6). For example, the fatality-weighted centroid shifted from 32.82°E,
30.00°N to —26.78°E, 23.40°N, with a displacement of 11,463.3 km between 1995-2009 and 2010-2024 (p =
0.0259), whereas economic-loss-weighted centroids showed a large but statistically uncertain shift during the
same period (998.0 km, p = 0.8334) (Supplementary Table S7).

At the tectonic-region scale, centroid displacement varied substantially among regions (Figure 4c-g;
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Supplementary Table S7). Significant shifts were mainly observed for selected weighting schemes, including the
Eurasian Plate (unweighted centroid: 1011.7 km, p = 0.008; 1980-1994 to 1995-2009), the Indian Ocean Plate
(unweighted centroid: 3539.5 km, p = 0.0224; 1995-2009 to 2010-2024), and several fatality-weighted
trajectories. In contrast, most centroid changes on the American, Pacific, and African plates were not statistically
significant. Detailed centroid coordinates, uncertainty intervals, displacement confidence intervals, and
permutation-test results are provided in Supplementary Table S6 and Supplementary Table S7.

Sensitivity analyses excluding five catastrophic earthquake disasters (the 2004 Sumatra—Andaman
earthquake and Indian Ocean tsunami, the 2008 Wenchuan earthquake, the 2010 Haiti earthquake, the 2011
Great East Japan earthquake and tsunami, and the 2023 Tiirkiye—Syria earthquake) showed that most centroid
displacement patterns remained comparable, although the magnitude of some shifts decreased after removing
extreme events (Supplementary Table S8).

Overall, centroid analysis reveals temporal changes in the spatial distribution of recorded earthquake
disaster impacts across global and tectonic-region scales. These changes reflect variations in the statistical
distribution of disaster records and impact dimensions, rather than spatial movement of earthquake sources or

tectonic processes.

4.3 Spatial associations of global earthquake disaster impacts based on Geographical Detector
4.3.1 Individual associations of explanatory factors with earthquake impacts

The factor detector results reveal distinct differences in the spatial explanatory power of individual factors for
earthquake mortality and economic impacts (Figure Sa,c; Table 2). For mortality measured by deaths per
million residents, earthquake magnitude shows the highest explanatory power (q = 0.17), followed by
seismotectonic type (q = 0.08) and disaster process type (q = 0.05). Socioeconomic exposure represented by
population density and GDP per capita shows relatively lower but still detectable spatial explanatory power (q =
0.04 and 0.03, respectively). Focal depth and tectonic setting exhibit limited individual explanatory power (q =
0.04 and 0.03).

Table 2. Results of the single-factor detector for earthquake disaster impacts.

Variable g-value (Deaths per million) p-value g-value (Loss/GDP) p-value
Magnitude 0.1687 <0.001 0.1880 <0.001
Focal depth 0.0408 <0.001 0.0544 0.002

GDP per capita 0.0282 0.007 0.0662 <0.001
Population density 0.0450 <0.001 0.1422 <0.001
Tectonic setting 0.0318 <0.001 0.0459 <0.001
Seismotectonic type 0.0804 <0.001 0.1204 <0.001
Disaster process type 0.0452 <0.001 0.0475 <0.001

For economic losses normalized by GDP, magnitude remains the strongest individual factor (q = 0.19),
followed by population density (q = 0.14) and seismotectonic type (q = 0.12) (Figure Sc; Table 2). GDP per
capita shows moderate explanatory power (q = 0.07), whereas focal depth, disaster process type, and tectonic
setting exhibit relatively weaker individual associations (q < 0.05).

Overall, the factor detector results indicate that no single variable independently explains the spatial
differentiation of earthquake impacts. Instead, earthquake magnitude and event characteristics provide relatively
strong individual spatial associations, while socioeconomic exposure indicators become particularly relevant for

explaining variations in economic losses.
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Figure 5. Geographical Detector results for spatial explanatory power of factors associated with global earthquake disaster
impacts. (a) Individual g-statistics of explanatory factors for fatalities per million residents based on the factor detector; (b)
interaction g-statistics of factor pairs for fatalities per million residents based on the interaction detector; (c¢) individual
g-statistics of explanatory factors for standardized economic loss based on the factor detector; and (d) interaction g-statistics

of factor pairs for standardized economic loss based on the interaction detector.
4.3.2 Interactive associations among explanatory factors

Interaction detector results indicate widespread enhancement of spatial explanatory power when multiple factors
are considered jointly (Figure 5b,d; Supplementary Tables S12, S13 and S14). For mortality outcomes, most
factor pairs exhibit bilinear or nonlinear enhancement, indicating that the spatial differentiation of fatalities per
million residents is better explained by combinations of earthquake characteristics and socioeconomic
conditions than by individual variables alone.

Among mortality-related interactions, magnitude—population density shows the highest joint explanatory
power (q = 0.33), followed by magnitude—GDP per capita (q = 0.27) and magnitude—tectonic setting (q = 0.25)
(Fig. 5b; Supplementary Table S13). These results indicate that the spatial differentiation of earthquake
mortality is associated with the combined spatial configuration of seismic severity and population exposure.

For standardized economic loss, interaction explanatory power is generally higher than that observed for
mortality (Figure 5d; Supplementary Table_S14). Several factor combinations show relatively strong joint
explanatory power, including population density—GDP per capita (q = 0.53), focal depth—tectonic setting (q =
0.47), and population density—focal depth (q = 0.33). These results suggest that economic impact patterns are

associated with the combined spatial characteristics of earthquake processes and socioeconomic exposure.
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Overall, interaction detection results demonstrate that the combination of explanatory variables provides
stronger spatial explanatory power than individual factors in many cases. However, these interactions represent

enhanced statistical spatial associations rather than causal relationships.

4.3.3 Comparison between mortality and economic impact patterns

The Geographical Detector results reveal different spatial association patterns between earthquake mortality and
economic losses. Mortality per million residents is more closely associated with earthquake characteristics,
particularly magnitude and seismotectonic context, whereas economic loss relative to GDP shows stronger
associations with population exposure and socioeconomic conditions.

This difference suggests that mortality and economic consequences represent distinct dimensions of
earthquake disaster impacts. Fatality outcomes are more closely related to the severity and characteristics of
earthquake events, while economic losses reflect the combined spatial configuration of hazard intensity, exposed
population, and economic conditions.

Importantly, these results describe statistical spatial associations at the national scale and do not imply
causal relationships. Moreover, national-level analysis may mask subnational differences in exposure,

vulnerability, and response capacity.

5 Discussion
5.1 Synthesis of key findings

This study provides a multi-scale assessment of the spatiotemporal variations and spatial associations of global earthquake
disaster impacts from 1980 to 2024. The temporal analyses reveal that changes in recorded earthquake disaster frequency
were not accompanied by consistent changes in all impact indicators. Although the number of recorded earthquake disaster
events increased over the study period, mortality rates declined, whereas economic losses remained relatively high and were
strongly influenced by several extreme disasters. Similar divergence between earthquake occurrence, human losses, and
economic consequences has been reported in global earthquake loss databases and risk assessments, where changes in
exposure and economic concentration contribute to differences between hazard occurrence and disaster impacts (Daniell et
al., 2011; Silva et al., 2019). The increasing trend in average fatalities per event identified in this study should therefore be
interpreted cautiously, because this indicator combines event frequency effects with the disproportionate contribution of a
small number of catastrophic earthquakes rather than representing a generalized increase in disaster impact severity.

Spatial analyses further demonstrate that earthquake occurrences and earthquake impacts exhibit distinct spatial
configurations. Recorded earthquake disasters remain concentrated along major tectonic regions, including the Pacific Ring
of Fire and the Alpine-Himalayan belt; however, the spatial distributions of fatalities, affected populations, and economic
losses are not identical to the distribution of event frequency. Previous global earthquake risk studies have emphasized that
disaster consequences depend not only on seismic hazard characteristics but also on the spatial distribution of exposed
populations and economic assets (Jaiswal et al., 2010; Silva et al., 2019). Consistent with this perspective, the differences
between unweighted and impact-weighted centroid trajectories in this study indicate that different impact dimensions
represent distinct spatial organizations of earthquake disaster consequences rather than simple variations in earthquake
occurrence.

The Geographical Detector analysis further reveals that earthquake characteristics, population exposure, and
socioeconomic conditions exhibit different levels of spatial explanatory power for earthquake mortality and economic losses.
Interaction analyses show that combinations of multiple factors generally correspond to stronger spatial differentiation than

individual factors alone. These results are consistent with the principle of spatial stratified heterogeneity underlying the
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Geographical Detector framework, which evaluates how explanatory variables correspond to spatial variations in geographic
phenomena (Wang et al., 2010a; Wang et al., 2016). Importantly, these associations represent statistical spatial
correspondence rather than causal mechanisms.

Overall, this study extends global earthquake impact assessments beyond the description of earthquake occurrence
patterns by integrating temporal trends, multi-scale spatial analyses, and interaction-based spatial association analysis. The
findings provide a comparative understanding of how earthquake characteristics, population exposure, and socioeconomic
conditions jointly correspond to heterogeneous disaster impacts across regions, supporting global-scale earthquake risk

assessment and preparedness planning.

5.2 Possible explanations for the observed spatiotemporal patterns

5.2.1 Spatial organization of earthquake characteristics, exposure, and disaster impacts

The weighted centroid analyses reveal distinct spatial organizations among different dimensions of earthquake
disaster impacts. While unweighted centroids mainly represent the distribution of recorded earthquake disaster
events, population-, fatality-, and economic loss-weighted centroids reflect different spatial patterns of human
and economic consequences. These differences indicate that earthquake impacts are not spatially identical to
earthquake occurrence patterns, but are associated with the configuration of earthquake characteristics,
population exposure, and socioeconomic conditions.

Population- and fatality-weighted centroids show stronger concentration in regions where active tectonic
settings overlap with high population exposure, consistent with previous global earthquake risk assessments
emphasizing the importance of hazard - exposure relationships in explaining differences in disaster
consequences (Jaiswal et al., 2010; Silva et al., 2019). The Geographical Detector results further indicate that
earthquake characteristics, population density, and socioeconomic conditions exhibit different levels of spatial
explanatory power, while their combinations correspond to stronger spatial differentiation than individual
factors alone.

In contrast, economic loss-weighted centroids show greater concentration toward regions with high
economic activity and asset accumulation, reflecting differences between the spatial patterns of human losses
and economic losses (Daniell et al., 2011; Silva et al., 2019). Overall, centroid variations represent changes in
the spatial distribution of recorded earthquake disaster impacts rather than migration of seismic activity or

changes in tectonic processes.

5.2.2 Data uncertainty and robustness assessment

Although EM-DAT is one of the most widely used global disaster databases, uncertainties related to
database inclusion criteria and reporting consistency should be considered when interpreting the results.
EM-DAT records earthquake disasters based on reported impacts rather than providing a complete catalogue of
all earthquake occurrences. Therefore, temporal variations in recorded disaster events may reflect a combination
of changes in disaster frequency, impact thresholds, population exposure, and reporting practices. The increasing
number of recorded earthquake disasters identified in this study should consequently be interpreted as changes
in recorded disaster impacts rather than direct evidence of increasing global seismic activity.

The robustness of temporal patterns was evaluated through multiple sensitivity analyses. Because
event-normalized indicators are affected by the number and composition of recorded events, metrics such as
average fatalities per event may reflect both changes in event frequency and the disproportionate contribution of
extreme disasters. These indicators were therefore interpreted as supplementary measures of event-level impact

characteristics rather than independent evidence of increasing earthquake severity. Excluding the five most
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catastrophic earthquake disasters (the 2004 Sumatra—Andaman earthquake and Indian Ocean tsunami, 2008
Wenchuan earthquake, 2010 Haiti earthquake, 2011 Great East Japan earthquake and tsunami, and 2023
Tiirkiye—Syria earthquake) resulted in generally consistent temporal patterns, although the magnitude of some
trends changed (Supplementary Fig. S2 and Table S3). Sensitivity analyses using different earthquake
magnitude subsets Mw = 5, Mw = 6, and Mw = 7) also showed that the overall interpretation of
earthquake impact heterogeneity remained stable under different event compositions (Supplementary Table
S15).

Uncertainty in spatial redistribution analysis was assessed using bootstrap resampling of centroid locations
and displacement distances. Because centroid estimates can be sensitive to individual high-impact events,
confidence intervals were derived from resampled centroid distributions rather than from single observed
estimates. The resulting uncertainty ranges of centroid locations and migration distances are summarized in
Supplementary Table S6. Therefore, centroid variations are interpreted as changes in the statistical distribution
of recorded earthquake disaster impacts rather than migration of seismic activity or changes in tectonic
processes.

The robustness of the Geographical Detector results was further examined through sensitivity analyses of
variable discretization schemes. Alternative classification methods and numbers of strata were compared, and
the selected schemes showed relatively stable g-statistic values across different settings (Supplementary Fig. S3;
Tables S11-S12). These results support the stability of the identified spatial associations. However, the
g-statistic and interaction results represent statistical explanatory power and enhanced spatial correspondence
among factors, rather than causal effects or dynamic mechanisms.

Several limitations should still be considered when interpreting the findings. The completeness and
accuracy of EM-DAT records may vary among countries and periods, particularly for economic loss information.
In addition, GDP-normalized economic losses represent losses relative to aggregate global economic output and
should not be interpreted as a direct measure of the economic burden experienced by individual affected
countries. Finally, the national-scale analysis may mask subnational differences in exposure and disaster
impacts.

5.2.3 Implications for earthquake risk assessment and preparedness planning

The spatial differentiation identified in this study provides implications for earthquake risk assessment and
preparedness planning. Previous global earthquake risk assessments have demonstrated that disaster
consequences are associated with not only seismic hazard characteristics but also the spatial distribution of
exposed populations and economic assets (Jaiswal et al., 2010; Silva et al., 2019). Consistent with this
perspective, the Geographical Detector results indicate that earthquake characteristics, population density, and
socioeconomic conditions exhibit different levels of spatial explanatory power for earthquake mortality and
economic losses. Therefore, regions where severe earthquake characteristics overlap with high population
density or concentrated economic assets may represent priority areas for comparative risk screening and
scenario-based assessment.

The distinction between mortality-related and economic-loss-related patterns further suggests that different
impact dimensions require differentiated assessment strategies. Areas characterized by the combination of strong
earthquake characteristics and dense population exposure may require greater attention to potential human
losses and emergency preparedness, whereas regions with concentrated economic assets may require additional
consideration of potential economic disruption. Similar distinctions between human and economic consequences
have been emphasized in global earthquake loss assessments, where exposure characteristics strongly influence
the distribution of observed impacts (Daniell et al., 2011; Silva et al., 2019).

Furthermore, the centroid analyses demonstrate that the spatial distribution of earthquake occurrences does
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not fully represent the distribution of disaster consequences. Therefore, earthquake risk assessment and
preparedness planning should incorporate both seismic information and spatial exposure characteristics rather
than relying solely on the location or frequency of earthquake events. These findings support integrated
approaches that combine hazard characterization with exposure assessment for global-scale earthquake risk

management.
5.2.4 Future research directions

Several limitations identified in this study provide directions for future research. First, although EM-DAT
enables global-scale comparison of earthquake disaster impacts, national-level analyses may not capture
within-country differences in population exposure, economic assets, and disaster consequences. Future studies
could incorporate higher-resolution exposure and socioeconomic datasets to better characterize subnational
variations in earthquake impacts.

Second, the present analysis focuses on recorded disaster impacts and available global explanatory
variables. Integrating more detailed seismic intensity information, building characteristics, and asset-level
exposure data may improve the interpretation of differences between earthquake characteristics and observed
losses.

Third, future research could further examine how changes in population distribution, economic
development, and exposure patterns modify the spatial organization of earthquake impacts over time. Such
extensions would help refine the assessment of evolving earthquake risk under changing social and

environmental conditions.

6 Conclusion

This study investigated the spatiotemporal evolution and spatial differentiation of global earthquake disaster
impacts from 1980 to 2024 by integrating temporal analysis, multi-scale spatial assessment, centroid-based
metrics, and Geographical Detector analysis.

The results reveal a temporal divergence between recorded earthquake disaster frequency and impact
consequences. Although recorded earthquake disasters and cumulative economic losses increased over the study
period, mortality-related indicators showed an overall declining tendency, indicating that different dimensions of
earthquake impacts follow distinct temporal trajectories.

Spatial analyses demonstrate substantial heterogeneity across continents, countries, and tectonic regions.
While earthquake disasters remain concentrated along major tectonic belts, the spatial distributions of fatalities,
affected populations, and economic losses differ markedly. Centroid analyses further show that different impact
dimensions exhibit distinct spatial organizations, and centroid shifts represent changes in recorded disaster
impact distributions rather than changes in seismic activity.

The Geographical Detector results indicate that earthquake characteristics, population density, and
socioeconomic conditions are statistically associated with spatial differences in earthquake impacts, while factor
interactions generally correspond to stronger spatial differentiation than individual factors alone. These findings
highlight the importance of integrating hazard characteristics with exposure and socioeconomic context for

global earthquake risk assessment, preparedness planning, and exposure-informed resilience strategies.
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Code and Data Availability

The earthquake event data used in this study were obtained from the Emergency Events Database (EM-DAT).
Socioeconomic, environmental, governance, and health-related datasets were collected from publicly accessible
international databases, including the World Bank and the World Health Organization. Processed data and
analysis code supporting the findings of this study are available from the corresponding author upon reasonable

request.
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