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Abstract. Understanding how earthquake disaster impacts vary across space and time is essential for global10
disaster risk assessment and reduction planning. Using earthquake disaster records from the Emergency Events11
Database (EM-DAT) during 1980–2024, this study investigates temporal trends, multi-scale spatial patterns,12
centroid shifts, and factors associated with cross-national differences in earthquake fatalities. Temporal analyses13
reveal a divergence between recorded earthquake disaster frequency and impact consequences. While the14
number of recorded earthquake disaster events, affected population, and cumulative economic losses increased15
overall, mortality-related indicators declined, particularly after the early 2000s. Spatial analyses demonstrate16
substantial heterogeneity among continents, countries, and tectonic plates. Asia accounts for a large proportion17
of global earthquake disaster events and associated impacts, whereas the magnitude of impacts differs18
considerably among countries. The centroid of recorded earthquake disaster impacts exhibited a successive19
spatial shift across three periods (1980–1994, 1995–2009, and 2010–2024), moving from northeastern Africa20
west of the Red Sea toward the Arabian Sea, with inter-period displacements of approximately 909 km, 1476 km,21
and 433 km, respectively. Weighted centroids based on fatalities, affected population, and economic losses22
showed different spatial trajectories, indicating distinct spatial organizations of impact dimensions. The23
Geographical Detector results indicate that earthquake magnitude showed the highest explanatory power for24
spatial differences in fatalities (q = 0.17), and interactions among factors generally enhanced spatial associations.25
These findings provide a global assessment of earthquake disaster impacts by integrating temporal evolution,26
spatial redistribution, and associated factors, offering comparative evidence for regional risk identification,27
exposure management, and disaster preparedness planning.28

1 Introduction29

Earthquake disasters remain among the most destructive natural hazards worldwide, causing profound human,30
economic, and infrastructural losses each year (United Nations Office for Disaster Risk Reduction (Undrr), 2023;31
Daniell et al., 2017). Despite notable advances in seismology, engineering design, and emergency response32
systems, global earthquake losses have not declined uniformly. Instead, rapid urban expansion, population33
concentration in seismic belts, and intensified development in tectonically active landscapes continue to elevate34
exposure and reinforce event vulnerability (Cutter, 2021; Aksha and Khanal, 2019; Düzgün et al., 2023). This35
persistent rise in event impacts—despite improved monitoring and hazard science—illustrates a central paradox36
in contemporary earthquake risk: earthquake disaster impacts increasingly reflect interactions between37

mailto:yeyanjun@hebeu.edu.cn


2

geophysical hazards and evolving social-environmental conditions. These interactions highlight that disaster risk38
becomes observable through realized impacts on populations and economies.39

A human–Earth perspective provides a framework for understanding why similar earthquake hazards may40
correspond to different disaster impacts across regions. From this perspective, earthquake impacts are viewed as41
the outcome of the spatial configuration of earthquake characteristics, population exposure, and socioeconomic42
conditions, which are associated with differences in the spatial and temporal distribution of recorded disaster43
consequences (Gall et al., 2011; Lee et al., 2022). Geophysically, seismic hazards are structured by plate44
interactions, strain accumulation, and lithospheric deformation, forming persistent seismic belts such as the45
Pacific Ring of Fire and the Alpine–Himalayan arc (Bird, 2003a; Kagan and Jackson, 2016). Yet similar46
earthquakes often produce vastly different outcomes depending on demographic exposure, infrastructure quality,47
governance effectiveness, and environmental fragility (Anbarci et al., 2005; Keefer et al., 2011; Wyss et al.,48
2023). These disparities underscore a growing recognition that earthquake disasters result from the interaction49
between natural hazards and socially mediated vulnerability across space (Cohen and Werker, 2008; Reid, 2013;50
Ismail-Zadeh, 2024).51

Previous studies have demonstrated that earthquake disaster impacts are highly heterogeneous across52
regions and cannot be explained by seismic characteristics alone. Differences in earthquake magnitude, focal53
depth, and tectonic setting provide the physical context of disaster events, while variations in population54
distribution and economic conditions influence the spatial concentration of exposed populations and assets.55
Global earthquake risk assessments have shown that the combination of seismic hazard, exposure, and56
socioeconomic conditions is essential for understanding variations in human and economic losses across57
countries and regions (Jaiswal et al., 2010; Daniell et al., 2011; Silva et al., 2019). However, previous studies58
have often focused on individual dimensions of earthquake risk or specific regions, and the global-scale spatial59
relationships among earthquake characteristics, population exposure, socioeconomic conditions, and different60
impact outcomes remain insufficiently quantified.61

Despite substantial progress in regional seismic hazard studies, global-scale analyses of earthquake disaster62
impacts, as distinct from seismicity alone, remain limited. Most global assessments rely on instrumental63
catalogs to evaluate earthquake occurrence, magnitude–frequency patterns, or aftershock clustering (Zaliapin64
and Ben‐Zion, 2013; Kagan and Jackson, 2016). While crucial for characterizing physical processes, these65
studies do not explain why comparable earthquakes generate disproportionate losses across countries (Noy,66
2016; Li et al., 2021; Guo et al., 2020). Recent global models of seismic exposure and vulnerability (Xofi et al.,67
2022) represent important advances but underrepresent governance, environmental change, and socio-economic68
inequality-factors identified by the Sendai Framework as root causes of escalating disaster risk (United Nations69
Office for Disaster Risk Reduction (Undrr), 2023).70

Moreover, the interaction effects among multiple explanatory factors remain poorly understood at the71
global scale. Traditional regression approaches frequently assume linearity and overlook spatial stratification,72
non-linear amplification, and synergistic interactions, such as those between population density and governance73
quality or between basic public infrastructure, precipitation, and topography (Wang et al., 2010b; Hu et al., 2011;74
Ansari et al., 2025). Yet multi-factor interactions contribute to spatial differentiation of recorded disaster impacts75
within rapidly changing socio-ecological systems (Burton, 2015; Aksha and Khanal, 2019). Addressing these76
analytical limitations requires tools capable of detecting spatial heterogeneity and quantifying both independent77
and interactive effects within complex, coupled systems.78

To address these gaps, this study integrates EM-DAT global event records (1980–2024), GIS-based spatial79
analysis, and the Geographical Detector model to examine the spatiotemporal variations and spatial associations80
of global earthquake disaster impacts. Specifically, we address four interrelated scientific questions:81
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(1) How have global earthquake disaster impacts changed over time?82
(2) How are earthquake disaster impacts spatially distributed across continents, countries, and tectonic83

regions?84
(3) How have the spatial distributions of global earthquake disaster impacts changed over time?85
(4) Which earthquake characteristics, disaster-process attributes, population exposure, and socioeconomic86

conditions are statistically associated with spatial differences in earthquake mortality and economic losses, and87
how do these factors interact spatially?88

By adopting a multi-scale human–Earth perspective, this study provides a globally comparable assessment89
of earthquake disaster impact patterns over four decades. It identifies temporal variations, spatial redistribution90
characteristics, and the spatial associations between earthquake attributes and human exposure conditions,91
providing new insights into the geographical differentiation of global earthquake impacts.92

2 Data sources and processing93

2.1 Data sources94

This study used earthquake disaster records from the Emergency Events Database (EM-DAT) for the period95
1980–2024 (Cred, 2024). EM-DAT is an impact-oriented global disaster database that records disasters96
associated with substantial human and socioeconomic consequences rather than a complete catalogue of all97
instrumentally detected earthquakes (Peduzzi and Herold, 2005; Rosvold and Buhaug, 2021). Events are98
included when they meet at least one impact-based criterion, including ≥10 deaths, ≥100 affected people, a99
declaration of a state of emergency, or a request for international assistance (Cred, 2023). Therefore, EM-DAT100
may include relatively moderate-magnitude earthquakes when they generate substantial societal impacts, while101
lower-impact events below inclusion thresholds may be underrepresented.102

Previous studies have highlighted that disaster databases, including EM-DAT, are affected by reporting103
practices, data availability, and temporal variations in documentation capacity, which may introduce104
uncertainties into long-term comparisons (Gall et al., 2011; Guha-Sapir et al., 2012). Economic loss records are105
particularly subject to uncertainty because they depend on post-disaster assessments and national reporting106
procedures (Jones et al., 2022; Delforge et al., 2025). Accordingly, this study investigates the spatiotemporal107
patterns of recorded earthquake disaster impacts in EM-DAT, including fatalities, affected population, and108
economic losses, rather than global seismic occurrence patterns. Given the objective of assessing the109
geographical differentiation of documented earthquake consequences, EM-DAT provides an appropriate110
impact-based data source for global comparative analysis.111

Transboundary earthquake events were retained as separate country-specific records because EM-DAT112
reports their impacts independently for each affected country. The magnitude composition and spatial113
distribution of the earthquake disaster records extracted from EM-DAT for the period 1980–2024 are shown in114
Figure 1. The extracted records cover a broad magnitude range, with both moderate- and high-magnitude115
earthquakes included. The magnitude distribution by continent and period is summarized in Supplementary116
Table S1. To further evaluate the consistency of EM-DAT records, an independent comparison with the NCEI117
earthquake database was conducted for overlapping years (1980-2020). The temporal variations of recorded118
events, fatalities, and economic losses showed consistent patterns between the two databases (Supplementary119
Fig. S1).120

121
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122
Figure 1. Global spatial distribution of earthquake disaster events recorded in EM-DAT by magnitude, 1980–2024. Base123
map source: Standard map provided by the Ministry of Natural Resources of the People's Republic of China124
(https://www.tianditu.gov.cn/). The base map has not been modified.125

2.2 Data processing126

The EM-DAT database provides information including occurrence time, epicenter coordinates (latitude and127
longitude), affected countries (with ISO codes), affected population, fatalities, and economic losses. Based on128
these raw records, we constructed a harmonized national-level dataset through spatial matching and attribute129
aggregation. For each country, the following indicators were calculated: cumulative earthquake frequency,130
cumulative fatalities, cumulative affected population, and cumulative economic losses. Because reported impact131
variables in EM-DAT are compiled from disaster assessments, their completeness varies among indicators and132
regions. Therefore, indicator-specific analyses were based on available records, and the completeness of133
fatalities, affected population, and economic loss information was assessed separately (Supplementary Table S2).134
To better capture event severity and normalized impacts, four per-event indicators were further derived: (1)135
Average number of affected people per event, (2) Average fatalities per event, (3) Average economic loss per136
event, and (4) Mortality rate (defined as fatalities relative to affected population). To improve cross-country137
comparability, fatalities were normalized by the annual population of the affected country, and economic losses138
were normalized by the corresponding national GDP before comparative analyses.139

The 45-year study period (1980–2024) was divided into three consecutive 15-year intervals (1980–1994,140
1995–2009, and 2010–2024). This equal-length division makes full use of the available data while ensuring141
comparable observation periods. It also provides sufficient earthquake disaster records within each interval for142
stable country-level analyses of spatial distribution, centroid migration, and explanatory factors. To improve143
temporal comparability, reported economic losses were adjusted for inflation using the OECD Consumer Price144
Index (CPI) and expressed in constant US dollars, following the approach described by Delforge et al., (2025).145
This standardization reduces the influence of inflation on comparisons of economic losses across years.146

To evaluate whether long-term temporal patterns were sensitive to a small number of catastrophic events,147
sensitivity analyses were conducted by removing five extreme earthquake disasters (2004 Sumatra–Andaman148
earthquake and Indian Ocean tsunami, 2008 Wenchuan earthquake, 2010 Haiti earthquake, 2011 Great East149
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Japan earthquake and tsunami, and 2023 Türkiye–Syria earthquake). The results were compared with those from150
the original dataset (Supplementary Fig. S2 and Table S3).151

3 Methods152

3.1 Temporal variability analysis method153

To characterize the temporal evolution of recorded earthquake disaster events in EM-DAT from 1980 to 2024,154
with emphasis on disaster impacts rather than global seismic activity, linear regression and the Mann-Kendall155
(MK) trend test were employed. These methods are widely applied in disaster risk and climate-related research156
to identify long-term trends in impact-related indicators under non-normal distributions and reporting157
uncertainty (Wang et al., 2021). The MK test, a non-parametric approach robust to outliers and missing values,158
was used to evaluate monotonic trends in eight earthquake event indicators, including frequency, fatalities,159
affected population, and economic losses. Before applying the MK test, lag-1 autocorrelation was examined for160
all annual indicators to evaluate the independence assumption of the time series. The results showed that most161
indicators did not exhibit significant autocorrelation, whereas the annual number of recorded events showed162
significant lag-1 autocorrelation (p < 0.05). Therefore, pre-whitening correction was applied to this indicator,163
while other indicators were analyzed using the original MK procedure (Supplementary Table S4). The MK164
statistic S was computed following standard procedures, as follows:165

S= i=1
n-1

j=i+1
n sign�� (xj-xi) (1)166

167
Where xi and xj represent two observations in the time series. The sign function returns 1, 0, or −1168

depending on whether the difference is positive, zero, or negative. Fatalities, affected population, economic169
losses, and their event-normalized indicators exhibited strongly right-skewed distributions. These variables were170
transformed using log10(x+1) for regression-based temporal analysis and graphical presentation. The uncertainty171
of the fitted temporal trends was evaluated using 95% confidence intervals of the linear regression estimates.172
The confidence bands around the fitted trends are presented in Figure S4. The addition of 1 retained explicitly173
reported zero values. Annual disaster-event counts were retained on their original scale. The descriptive statistics174
of annual indicators showed substantial differences between mean and median values, confirming the strong175
skewness of impact-related variables (Supplementary Table S5). The corresponding log-scale temporal patterns176
are additionally presented in Supplementary Figure S4.177

The standardized Z-value was then derived to assess trend significance:178

Z=

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

18

if S>0

0 if S=0
S+1

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

if S<0
(2)179

A positive Z-value indicates an upward trend, while a negative value indicates a downward trend.180
Significance thresholds were set at |Z| = 1.28 (90%), 1.64 (95%), and 2.33 (99%) (Casella and Berger, 2002). By181
combining linear regression slopes with MK significance testing, this approach evaluates both the magnitude182
and statistical significance of long-term changes in earthquake disaster impacts. Considering that several183
catastrophic earthquakes may disproportionately affect annual impact indicators, a sensitivity analysis was184
further conducted by removing five extreme disaster events (the 2004 Sumatra-Andaman earthquake and Indian185
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Ocean tsunami, 2008 Wenchuan earthquake, 2010 Haiti earthquake, 2011 Great East Japan earthquake and186
tsunami, and 2023 Türkiye–Syria earthquake). The comparison between the original and extremes-removed187
datasets is shown in Supplementary Figure S1, with corresponding trend statistics summarized in188
Supplementary Table S3.189

3.2 Spatial variability analysis method190

3.2.1 Geometric centroid analysis191

Geometric centroid analysis was used to examine the spatial distribution and temporal redistribution of recorded192
earthquake disaster impacts during different periods. These centroids represent the statistical centers of193
EM-DAT-recorded disaster events or impact-weighted distributions, rather than the physical locations of194
earthquake sources or changes in seismic activity. For each study period, centroid coordinates were calculated195
using a weighted mean:196

x� t = i=1
nt ωi� xi

i=1
nt ωi�

, Y� t = i=1
nt ωi� yi

i=1
nt ωi�

(3)197

where nt is the number of earthquake disaster records in period t ; i denotes the i-th event; Xi and Yi are198
the longitude and latitude of the event, respectively; and wi is the corresponding weight. Four centroid types199
were calculated. The unweighted centroid (ωi =1) represents the spatial distribution of recorded earthquake200
disaster events, whereas the weighted centroids use fatalities, affected population, and economic losses as201
weights to represent the spatial distribution of different impact dimensions. Therefore, different centroid202
estimates describe different dimensions of earthquake disaster impacts: the unweighted centroid reflects the203
spatial distribution of recorded events, while weighted centroids emphasize the spatial concentration of specific204
societal consequences.205

Centroid migration distances between consecutive periods were calculated using the Geodesic method in206
ArcGIS Pro under the WGS 1984 geographic coordinate system. This method measures the shortest path207
between two centroid locations on the reference ellipsoid, making it suitable for global-scale distance208
calculations while avoiding distortions associated with planar distance measurements. All migration distances209
are reported in kilometres.210

3.2.2 Data completeness and variable-specific treatment211

Reported zero values for fatalities, affected population, and economic losses were retained as valid observations212
and distinguished from missing values. Blank or unavailable entries were treated as missing and were not213
imputed. All earthquake disaster records with valid geographic coordinates were retained in the centroid214
analyses. The centroid analysis therefore used the full set of records with available spatial coordinates, without215
restricting events based on impact-variable completeness. For weighted centroid calculations, only records with216
available values for the corresponding weighting variable were included. For the Geographical Detector analysis,217
countries with missing socioeconomic, governance, environmental, healthcare, or GDP-related indicators were218
excluded only from the corresponding analysis, while remaining available for all other analyses. This219
variable-specific treatment maximized data utilization while avoiding bias introduced by artificial value220
imputation.221

3.2.3 Uncertainty assessment of centroid location and displacement222
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Bootstrap uncertainty assessment. Uncertainty in centroid locations was evaluated using nonparametric223
bootstrap resampling. Within each study period and weighting scheme, earthquake disaster records were224
sampled with replacement, and the statistical centroid was recalculated for each bootstrap replicate. The 2.5th225
and 97.5th percentiles of the bootstrap longitude and latitude distributions were used to construct 95%226
confidence intervals for centroid locations. The resulting centroid coordinates and confidence intervals are227
reported in Supplementary Table S6.228

Bootstrap confidence intervals for centroid displacement. To quantify uncertainty in centroid229
displacement between consecutive periods, records from each pair of study periods were independently230
resampled with replacement. The corresponding statistical centroids were recalculated, and their geodesic231
separation was computed for each bootstrap replicate. Percentile-based 95% confidence intervals were obtained232
from the bootstrap displacement distribution. The observed displacement distances, bootstrap confidence233
intervals, and permutation-test results are summarized in Supplementary Table S7. Because geodesic234
displacement is constrained to be non-negative, the bootstrap confidence intervals characterize uncertainty in235
displacement magnitude rather than statistical significance. Statistical significance was therefore evaluated using236
permutation tests. This distinction avoids interpreting uncertainty intervals of non-negative displacement237
distances as hypothesis tests, while permutation tests directly evaluate whether observed centroid shifts exceed238
those expected under random temporal reassignment.239

3.3 Spatial stratified association analysis using the Geographical Detector model240

In this study, the Geographical Detector model was applied to examine spatial statistical associations between241
earthquake disaster impacts and a set of geophysical and socioeconomic covariates. Unlike regression-based242
approaches, this method evaluates whether the spatial stratification of explanatory variables corresponds to the243
spatial differentiation of recorded disaster impacts. Therefore, the detected variables represent variables with244
statistical explanatory power for spatial heterogeneity rather than causal determinants.245

3.3.1 Response variables and explanatory variables246

The Geographical Detector model was applied to examine spatial statistical associations between earthquake247
disaster impacts and potential explanatory variables at the event level. This method evaluates whether the spatial248
stratification of explanatory variables corresponds to the spatial differentiation of recorded disaster impacts.249
Therefore, the detected relationships represent statistical associations and explanatory power for spatial250
heterogeneity rather than causal effects or confirmed physical mechanisms.251

Two response variables were selected to characterize different dimensions of earthquake disaster impacts:252
fatalities per million population and GDP-normalized economic losses. To improve comparability among253
countries with different population sizes and economic scales, both indicators were calculated using254
country-specific conditions in the corresponding earthquake occurrence year.255

Fatalities per million population was calculated as:256

FPM= F
P
×106 (4)257

where FPM represents fatalities per million population, F denotes the number of fatalities associated with258
an earthquake disaster event, and P represents the population of the affected country in the corresponding year.259

GDP-normalized economic losses were calculated as:260

GDPL=
L

GDP
(5)261
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where GDPL represents the proportion of direct economic losses relative to national GDP, L denotes the262
reported direct economic loss of an earthquake disaster event, and GDP represents the GDP of the affected263
country in the corresponding year.264

These event-specific normalization procedures reduce the influence of differences in population size and265
economic scale among countries and provide more comparable measures of earthquake disaster impacts.266
Because earthquake disaster impact variables exhibited strongly right-skewed distributions, log10(x+1)267
transformation was applied before Geographical Detector analysis. The addition of 1 retained zero-valued268
observations while reducing the influence of extreme events. Summary statistics of the response variables are269
provided in Supplementary Table S5.270

The explanatory variables were selected to represent earthquake characteristics, disaster processes, and271
socioeconomic conditions associated with spatial differences in recorded earthquake disaster impacts.272
Earthquake-related variables included magnitude, focal depth, and seismotectonic type. Seismotectonic type was273
classified into four categories: shallow crustal earthquakes, subduction earthquakes, intraplate earthquakes, and274
megathrust earthquakes. Disaster-process type was included to distinguish earthquake-only disasters from275
earthquake–tsunami compound disasters. Socioeconomic variables included population density and GDP per276
capita, representing differences in population exposure and national economic conditions. The definitions, data277
sources, and representations of all explanatory variables are summarized in Table 1.278

279
Table 1. Explanatory variables used in the Geographical Detector analysis of earthquake disaster impacts and data sources.280

Indicator Data source Representation

Population Density LandScan (Sims et al.,
2022)

Represents spatial variation in population
distribution and exposure conditions.

GDP per capita ESG (World Bank, 2025)
Represents differences in national economic

conditions and development levels among affected
countries.

Magnitude EM-DAT (Cred, 2024)
Represents earthquake size and provides

information on differences in earthquake energy
release among events.

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

characteristics among events.

Seismotectonic type Zenodo (Hasterok et al.,
2022)

Represents tectonic classification characteristics.
Events were classified into shallow crustal

earthquakes, subduction earthquakes, intraplate
earthquakes, and megathrust earthquakes.

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

281
To ensure temporal consistency between earthquake impacts and explanatory variables, all variables were282

matched according to the earthquake occurrence year and the affected country. Physical earthquake283
characteristics were directly linked to individual earthquake records, whereas socioeconomic variables were284
assigned according to the corresponding country-year conditions. This event-level matching approach avoids285
applying contemporary socioeconomic conditions to historical earthquake disasters and provides a more286
consistent basis for evaluating spatial associations during the 1980–2024 study period.287

Continuous explanatory variables were subsequently discretized into categorical strata before Geographical288
Detector analysis. The tested discretization methods, numbers of strata, and sensitivity analyses of alternative289
classification schemes are described in Section 3.3.2 and summarized in Supplementary Tables S9, and S10,290
Supplementary Fig. S3.291
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3.3.2 Single-factor detector292

The factor detector was applied to quantify the spatial explanatory power of individual explanatory variables for293
the spatial heterogeneity of earthquake disaster impacts. The q-statistic measures the extent to which the spatial294
stratification of an explanatory variable corresponds to the spatial distribution of the response variable.295
Therefore, the obtained q-values represent statistical spatial explanatory power rather than causal effects.296

The q-statistic ranges from 0 to 1, with larger values indicating stronger explanatory power of the297
corresponding explanatory variable for the spatial differentiation of the response variable (Wang et al., 2016).298
The q-statistic was calculated as follows:299

300

q=1- h=1
L Nh� σh

2

Nσ2
(6)301

Where q denotes the explanatory power of explanatory variable X for response variable Y, with values302
range of [0,1]. L represents the number of strata generated after discretizing X. Nh and N represent the number of303
samples in stratum h and the total number of samples, respectively. σh2 and σ2 represent the variances of Y304
within stratum h and the overall dataset, respectively.305

Because the Geographical Detector model requires continuous explanatory variables to be converted into306
categorical strata, continuous variables were discretized before factor detection. Several commonly used307
discretization methods, including equal interval, quantile, and natural breaks (Jenks), were tested with different308
numbers of strata. For each explanatory variable, the optimal discretization scheme was selected based on the309
combined evaluation of q-statistic performance and robustness measured by the coefficient of variation (CV).310
The selected discretization schemes and sensitivity comparisons among alternative classification methods are311
provided in Supplementary Tables S9 and S15, Supplementary Fig. S3.312

3.3.3 Interaction detector313

The interaction detector was applied to evaluate whether the combination of two explanatory variables provides314
additional spatial explanatory power for earthquake disaster impacts compared with individual variables. Rather315
than identifying causal interactions, this method evaluates whether the joint spatial stratification of two316
explanatory variables corresponds to stronger spatial differentiation of the response variable. The interaction317
q-statistic was calculated as follows:318

q(X1∩X2)=1- h=1
L12 Nh12� σh12

2

Nσ2
(7)319

Where q(X1∩X2) denotes the joint explanatory power of two explanatory variables X1and X2 for response320
variable Y. Lrepresents the number of combined strata generated by overlaying the two explanatory variables. Nh321
and N represent the number of samples within combined stratum h and the total number of samples,322
respectively. σh2 and σ2 represents the variance of Y within combined stratum h and the overall dataset,323
respectively.324

The interaction type was determined by comparing the interaction q-value q(X1∩X2 ) with the individual325
q-values of X1 and X2 . Following the standard Geographical Detector classification, interactions were326
categorized as follows: independent enhancement when q(X1∩X2)≤min(q(X1),q(X2)), bilinear enhancement327
when q(X1∩X2)>max(q(X1),q(X2)), and nonlinear enhancement when q(X1∩X2)>q(X1)+q(X2). All pairwise328
combinations of explanatory variables were evaluated to identify whether combined spatial stratification329
provided stronger explanatory power than individual variables alone.330
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3.3.4 Statistical significance and robustness assessment331

The statistical significance of q-statistics was evaluated using permutation tests. For each explanatory variable,332
the observed q-statistic was compared with the distribution of q-statistics obtained by randomly permuting the333
response variable while keeping the explanatory variable unchanged. This procedure was repeated to estimate334
the probability that the observed spatial explanatory power could arise by random chance.335

The corresponding p-values were calculated for both factor detector and interaction detector results. A336
smaller p-value indicates stronger statistical evidence that the observed q-statistic differs from random337
expectations. Statistical significance was assessed using a threshold of p<0.05.338

To evaluate the robustness of the Geographical Detector results, sensitivity analyses were conducted for339
alternative discretization schemes and numbers of strata. The stability of explanatory power under different340
parameter settings was assessed using variations in q-statistics and coefficient of variation (CV). Detailed341
sensitivity results are provided in Supplementary Table S10.342

4 Spatiotemporal characteristics analysis of global earthquake events343

4.1 Temporal trends and period-based variations of global earthquake disaster impacts344

Inter-annual variability in global earthquake impacts from 1980 to 2024 reveals distinct and contrasting trends345
across different indicators (Figure 2). Trend descriptions below refer to the transformed values for346
impact-related indicators and original values for event counts, following the preprocessing procedures described347
in Section 3.348

The number of recorded earthquake disaster events in the EM-DAT database shows a clear upward trend349
(slope = 0.15). The MK test indicates that this upward trend is statistically significant after considering lag-1350
autocorrelation through pre-whitening correction (Supplementary Table S4). Cumulative affected population351
exhibits only a slight upward trend with substantial year-to-year fluctuations, while the average affected352
population per event shows only a marginal increase over time. Several pronounced peaks in affected population,353
fatalities, and economic losses correspond to major catastrophic earthquakes, including the 2004 Sumatra354
earthquake and Indian Ocean tsunami, the 2008 Wenchuan earthquake, the 2010 Haiti earthquake, the 2011355
Tohoku earthquake, and the 2023 Türkiye–Syria earthquake. These events substantially influenced short-term356
fluctuations in multiple indicators.357



11

358
Figure 2. Temporal trends of major global earthquake event impact indicators and associated extreme events during359
1980-2024. a) Number of Recorded Earthquake Disaster Events; b) Cumulative Number of Affected People; c) Mortality360
Rate; d) Average Number of Affected People per Event; e) Cumulative Economic Losses; f) Cumulative Number of361
Fatalities; g) Average Economic Loss per Event; h) Average Number of Fatalities per Event. Major extreme earthquake362
disaster events associated with prominent peaks are annotated in red boxes, including representative earthquake and363
earthquake-tsunami compound disasters. Panel (a) is presented on the original scale. Because the remaining impact364
indicators exhibit strongly right-skewed distributions and include zero values, panels (b)-(h) display log10(x+1)-transformed365
annual values. The red lines represent linear trends fitted to the displayed values, and the blue dashed lines indicate their366
corresponding means.367

The mortality rate displays a mild downward tendency, and the MK test confirms a statistically significant368
decline over the study period (Supplementary Table S4), indicating reduced fatalities relative to affected369
populations. Cumulative economic losses also show a slight but statistically insignificant upward tendency,370
whereas average economic loss per event demonstrates a weak declining trend. The fitted trend remains371
associated with considerable uncertainty due to strong inter-annual fluctuations, as reflected by the 95%372
confidence intervals of regression estimates (Supplementary Fig. S4). In contrast, average fatalities per event373
show an apparent increasing tendency (slope = 12.73), which is strongly influenced by a limited number of374
catastrophic earthquakes with exceptionally high fatality levels. Because this indicator is calculated as375
cumulative fatalities divided by the number of recorded events, its temporal variation reflects the combined376
effects of event frequency and extreme-event contributions. Therefore, the observed increase should not be377
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interpreted as a generalized increase in fatality severity across all earthquake disasters, but rather as a shift378
toward greater concentration of fatalities in a small number of extreme events.379

Although several catastrophic earthquakes substantially amplified short-term fluctuations in fatalities,380
affected population, and economic losses, sensitivity analyses excluding five extreme disasters (the 2004381
Sumatra–Andaman earthquake and Indian Ocean tsunami, 2008 Wenchuan earthquake, 2010 Haiti earthquake,382
2011 Great East Japan earthquake and tsunami, and 2023 Türkiye–Syria earthquake) indicate that the overall383
temporal tendencies remain generally consistent, although the magnitude of some trends changes384
(Supplementary Fig. S2 and Table S3). These results suggest that annual variations in earthquake disaster385
impacts reflect both underlying long-term temporal patterns and episodic extreme events, rather than being386
solely attributable to a limited number of catastrophic disasters.387

To further examine whether temporal variations reflected changes in the distributional structure of388
earthquake disaster events, kernel density estimation (KDE) and Gaussian mixture modeling (GMM) were389
applied to evaluate potential multimodal characteristics of major impact indicators across different periods. The390
results show that several indicators exhibit multimodal distributions, suggesting substantial heterogeneity in the391
composition of recorded earthquake disaster events across time periods. Detailed multimodality test results392
based on KDE modes, optimal GMM components, and distributional classifications are provided in393
Supplementary Table S11, with corresponding density distributions illustrated in Supplementary Fig. S5.394

To further examine whether earthquake disaster impacts differed across broader temporal stages, the395
45-year study period was divided into three consecutive 15-year intervals (1980–1994, 1995–2009, and396
2010–2024). This period-based comparison complements the annual trend analysis by focusing on differences in397
impact levels among distinct time windows. Eight earthquake event indicators were examined across three398
consecutive 15-year periods (Figure 3). Most indicators—including mortality rate, cumulative deaths, affected399
population, and their event-normalized counterparts—showed their highest values during the second period400
(1995–2009). In contrast, economic indicators showed a slightly different pattern: although cumulative and401
per-event economic losses remained high during the third period (2011–2024), their values were slightly lower402
than those of the second period. Earthquake frequency also increased markedly in the second period and then403
declined slightly in the third, while remaining above the level observed in the first period. In the most recent404
period, substantial reductions in cumulative and per-event fatalities and affected populations led to a pronounced405
decline in mortality rates. These results indicate a recent reduction in the fatality ratio of recorded earthquake406
disasters, occurring alongside persistently high—though slightly reduced—levels of economic exposure.407



13

408
Figure 3. Analysis of changes in global earthquake event indicators from 1980 to 2024. NOE represents number of409
earthquakes, CNAI represents cumulative number of affected people, CEL represents cumulative economic losses, CDT410
represents cumulative number of fatalities, AAPE represents average number of affected people per event, AELPE represents411
average economic loss per event, ADPE represents average number of fatalities per event, MR represents mortality rate.412

413
Together, the annual trend analysis and period-based comparison indicate that changes in recorded414

earthquake disaster event frequency were not accompanied by uniform changes in all impact indicators. Instead,415
different dimensions of earthquake disaster impacts exhibited distinct temporal patterns. While mortality-related416
indicators showed a decreasing tendency in the most recent period, economic impacts remained relatively high,417
and several catastrophic events continued to contribute substantially to annual fluctuations.418

4.2 Multi-scale spatial patterns and redistribution of recorded earthquake disaster impacts419

The spatial distribution of recorded earthquake disaster impacts reflects the combined configuration of seismic420
characteristics, population exposure, and socioeconomic conditions. To characterize spatial heterogeneity across421
different geographical contexts, analyses were conducted at three complementary scales. Continental-scale422
comparisons were used to identify broad regional differences in impact contributions, national-scale analyses423
were applied to examine cross-country heterogeneity in impact magnitude and temporal trends, and statistical424
centroid analysis was used to characterize temporal redistribution of recorded earthquake disaster impacts across425
global and tectonic-region scales. Together, these analyses describe where earthquake disaster impacts are426
concentrated, how their spatial patterns differ among regions, and how their statistical distributions change over427
time.428

4.2.1 Global regional concentration of earthquake disaster impacts429

Continental-scale comparisons provide a broad overview of regional differences in recorded earthquake disaster430
impacts during 1980–2024 (Supplementary Fig. S6). Asia accounts for the largest contributions to most431
cumulative indicators, including the number of recorded earthquake disaster events, cumulative affected432
population, cumulative fatalities, and cumulative economic losses. This pattern is associated with extensive433
earthquake exposure, large populations, and the concentration of disaster records within major seismic regions.434
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However, normalized impact indicators show different continental patterns. Mortality-related indicators435
and average fatalities per event exhibit relatively higher contributions from some regions despite their smaller436
share of total recorded events, indicating that a limited number of high-impact disasters can substantially437
influence per-event impact metrics. Similarly, Europe shows relatively low contributions to recorded earthquake438
frequency but a comparatively higher contribution to average economic loss per event. The contribution of439
major earthquake events indicates that such continental-scale differences can be strongly affected by a small440
number of high-loss events (Supplementary Fig. S7).441

Overall, continental-scale comparisons demonstrate that the spatial distribution of earthquake disaster442
impacts varies substantially among impact dimensions. The continental composition of the eight earthquake443
impact indicators is shown in Supplementary Fig. S6, while the contribution of major individual events is444
further examined in Supplementary Fig. S7.445

4.2.2 National-scale heterogeneity of earthquake disaster impacts446

National-scale analyses reveal substantial spatial heterogeneity in both the magnitude and temporal447
characteristics of recorded earthquake disaster impacts (Supplementary Fig. S8). Countries located along major448
seismic belts, including regions in East and Southeast Asia, the Mediterranean region, and western South449
America, generally exhibit higher levels of recorded earthquake events and cumulative impacts.450

The spatial patterns of different impact indicators are not identical. Countries with large populations, such451
as China, India, and Indonesia, contribute substantially to cumulative affected population and fatalities, whereas452
countries with concentrated economic assets, including Japan, the United States, and several European countries,453
show higher levels of economic losses. These differences indicate that earthquake disaster impacts represent454
multiple dimensions associated with event characteristics, population exposure, and socioeconomic context.455

Temporal trend statistics further reveal heterogeneous patterns among countries (Supplementary Fig. S7).456
Significant increases or decreases occur only in specific regions and for particular indicators, while many457
countries show non-significant temporal variations. This suggests that changes in recorded earthquake disaster458
impacts do not follow a uniform global pattern but vary among national contexts.459

4.2.3 Temporal redistribution of statistical centroids across tectonic regions460

Statistical centroid analysis was used to characterize temporal changes in the spatial distribution of recorded461
earthquake disaster impacts. These centroids represent the statistical centers of EM-DAT-recorded disaster462
events or impact-weighted distributions, rather than physical earthquake locations or shifts in seismic activity.463

At the global scale, the unweighted centroid showed a northeastward redistribution during 1980–2024464
(Figure 4a,b). The centroid moved from 32.27°E, 21.89°N in 1980–1994 to 50.41°E, 21.75°N in 1995–465
2009, corresponding to a displacement of 1872.4 km (p = 0.0024). It subsequently shifted to 57.77°E, 20.72°466
N in 2010–2024, with a smaller displacement of 770.4 km, which was not statistically significant (p = 0.1767)467
(Supplementary Table S6; Supplementary Table S7). These changes indicate temporal redistribution of recorded468
earthquake disaster events rather than a migration of seismic activity.469
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470
Figure 4. Spatiotemporal evolution of global and plate-scale earthquake disaster impact centroids and spatial dispersion471
patterns from 1980 to 2024. a) Global standard deviation ellipses and centroid trajectories of recorded earthquake disaster472
impacts across four periods; b) Global centroid displacement trajectory; c) Centroid shifts within the American tectonic473
region; Centroid shifts within the d) African tectonic region, e) Eurasian tectonic region, f) Indian Ocean tectonic region, and474
g) Pacific Plate. The plate boundary data were from the global plate boundary dataset (Bird, 2003b).475

476
Weighted centroids showed distinct spatial patterns among different impact dimensions. During 1980–2024,477

population-weighted, fatality-weighted, and economic-loss-weighted centroids were located differently from the478
unweighted centroid, reflecting the uneven spatial distribution of affected populations, fatalities, and economic479
losses (Figure 4; Supplementary Table S6). For example, the fatality-weighted centroid shifted from 32.82°E,480
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 =481
0.0259), whereas economic-loss-weighted centroids showed a large but statistically uncertain shift during the482
same period (998.0 km, p = 0.8334) (Supplementary Table S7).483

At the tectonic-region scale, centroid displacement varied substantially among regions (Figure 4c-g;484
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Supplementary Table S7). Significant shifts were mainly observed for selected weighting schemes, including the485
Eurasian Plate (unweighted centroid: 1011.7 km, p = 0.008; 1980–1994 to 1995–2009), the Indian Ocean Plate486
(unweighted centroid: 3539.5 km, p = 0.0224; 1995–2009 to 2010–2024), and several fatality-weighted487
trajectories. In contrast, most centroid changes on the American, Pacific, and African plates were not statistically488
significant. Detailed centroid coordinates, uncertainty intervals, displacement confidence intervals, and489
permutation-test results are provided in Supplementary Table S6 and Supplementary Table S7.490

Sensitivity analyses excluding five catastrophic earthquake disasters (the 2004 Sumatra–Andaman491
earthquake and Indian Ocean tsunami, the 2008 Wenchuan earthquake, the 2010 Haiti earthquake, the 2011492
Great East Japan earthquake and tsunami, and the 2023 Türkiye–Syria earthquake) showed that most centroid493
displacement patterns remained comparable, although the magnitude of some shifts decreased after removing494
extreme events (Supplementary Table S8).495

Overall, centroid analysis reveals temporal changes in the spatial distribution of recorded earthquake496
disaster impacts across global and tectonic-region scales. These changes reflect variations in the statistical497
distribution of disaster records and impact dimensions, rather than spatial movement of earthquake sources or498
tectonic processes.499

500
4.3 Spatial associations of global earthquake disaster impacts based on Geographical Detector501

4.3.1 Individual associations of explanatory factors with earthquake impacts502

The factor detector results reveal distinct differences in the spatial explanatory power of individual factors for503
earthquake mortality and economic impacts (Figure 5a,c; Table 2). For mortality measured by deaths per million504
residents, earthquake magnitude shows the highest explanatory power (q = 0.17), followed by seismotectonic505
type (q = 0.08) and disaster process type (q = 0.05). Socioeconomic exposure represented by population density506
and GDP per capita shows relatively lower but still detectable spatial explanatory power (q = 0.04 and 0.03,507
respectively). Focal depth and tectonic setting exhibit limited individual explanatory power (q = 0.04 and 0.03).508

509
Table 2. Results of the single-factor detector for earthquake disaster impacts.510

Variable q-value (Deaths per million) p-value q-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

511
For economic losses normalized by GDP, magnitude remains the strongest individual factor (q = 0.19),512

followed by population density (q = 0.14) and seismotectonic type (q = 0.12) (Figure 5c; Table 2). GDP per513
capita shows moderate explanatory power (q = 0.07), whereas focal depth, disaster process type, and tectonic514
setting exhibit relatively weaker individual associations (q ≤ 0.05).515

Overall, the factor detector results indicate that no single variable independently explains the spatial516
differentiation of earthquake impacts. Instead, earthquake magnitude and event characteristics provide relatively517
strong individual spatial associations, while socioeconomic exposure indicators become particularly relevant for518
explaining variations in economic losses.519
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520
Figure 5. Geographical Detector results for spatial explanatory power of factors associated with global earthquake disaster521
impacts. (a) Individual q-statistics of explanatory factors for fatalities per million residents based on the factor detector; (b)522
interaction q-statistics of factor pairs for fatalities per million residents based on the interaction detector; (c) individual523
q-statistics of explanatory factors for standardized economic loss based on the factor detector; and (d) interaction q-statistics524
of factor pairs for standardized economic loss based on the interaction detector.525

4.3.2 Interactive associations among explanatory factors526

Interaction detector results indicate widespread enhancement of spatial explanatory power when multiple factors527
are considered jointly (Figure 5b,d; Supplementary Tables S12, S13 and S14). For mortality outcomes, most528
factor pairs exhibit bilinear or nonlinear enhancement, indicating that the spatial differentiation of fatalities per529
million residents is better explained by combinations of earthquake characteristics and socioeconomic530
conditions than by individual variables alone.531

Among mortality-related interactions, magnitude–population density shows the highest joint explanatory532
power (q = 0.33), followed by magnitude–GDP per capita (q = 0.27) and magnitude–tectonic setting (q = 0.25)533
(Figure 5b; Supplementary Table S13). These results indicate that the spatial differentiation of earthquake534
mortality is associated with the combined spatial configuration of seismic severity and population exposure.535

For standardized economic loss, interaction explanatory power is generally higher than that observed for536
mortality (Figure 5d; Supplementary Table S14). Several factor combinations show relatively strong joint537
explanatory power, including population density–GDP per capita (q = 0.53), focal depth–tectonic setting (q =538
0.47), and population density–focal depth (q = 0.33). These results suggest that economic impact patterns are539
associated with the combined spatial characteristics of earthquake processes and socioeconomic exposure.540
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Overall, interaction detection results demonstrate that the combination of explanatory variables provides541
stronger spatial explanatory power than individual factors in many cases. However, these interactions represent542
enhanced statistical spatial associations rather than causal relationships.543

4.3.3 Comparison between mortality and economic impact patterns544

The Geographical Detector results reveal different spatial association patterns between earthquake mortality and545
economic losses. Mortality per million residents is more closely associated with earthquake characteristics,546
particularly magnitude and seismotectonic context, whereas economic loss relative to GDP shows stronger547
associations with population exposure and socioeconomic conditions.548

This difference suggests that mortality and economic consequences represent distinct dimensions of549
earthquake disaster impacts. Fatality outcomes are more closely related to the severity and characteristics of550
earthquake events, while economic losses reflect the combined spatial configuration of hazard intensity, exposed551
population, and economic conditions.552

Importantly, these results describe statistical spatial associations at the national scale and do not imply553
causal relationships. Moreover, national-level analysis may mask subnational differences in exposure,554
vulnerability, and response capacity.555

5 Discussion556

5.1 Synthesis of key findings557

This study provides a multi-scale assessment of the spatiotemporal variations and spatial associations of global558
earthquake disaster impacts from 1980 to 2024. The temporal analyses reveal that changes in recorded559
earthquake disaster frequency were not accompanied by consistent changes in all impact indicators. Although560
the number of recorded earthquake disaster events increased over the study period, mortality rates declined,561
whereas economic losses remained relatively high and were strongly influenced by several extreme disasters.562
Similar divergence between earthquake occurrence, human losses, and economic consequences has been563
reported in global earthquake loss databases and risk assessments, where changes in exposure and economic564
concentration contribute to differences between hazard occurrence and disaster impacts (Daniell et al., 2011;565
Silva et al., 2019). The increasing trend in average fatalities per event identified in this study should therefore be566
interpreted cautiously, because this indicator combines event frequency effects with the disproportionate567
contribution of a small number of catastrophic earthquakes rather than representing a generalized increase in568
disaster impact severity.569

Spatial analyses further demonstrate that earthquake occurrences and earthquake impacts exhibit distinct570
spatial configurations. Recorded earthquake disasters remain concentrated along major tectonic regions,571
including the Pacific Ring of Fire and the Alpine–Himalayan belt; however, the spatial distributions of fatalities,572
affected populations, and economic losses are not identical to the distribution of event frequency. Previous573
global earthquake risk studies have emphasized that disaster consequences depend not only on seismic hazard574
characteristics but also on the spatial distribution of exposed populations and economic assets (Jaiswal et al.,575
2010; Silva et al., 2019). Consistent with this perspective, the differences between unweighted and576
impact-weighted centroid trajectories in this study indicate that different impact dimensions represent distinct577
spatial organizations of earthquake disaster consequences rather than simple variations in earthquake578
occurrence.579

The Geographical Detector analysis further reveals that earthquake characteristics, population exposure,580
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and socioeconomic conditions exhibit different levels of spatial explanatory power for earthquake mortality and581
economic losses. Interaction analyses show that combinations of multiple factors generally correspond to582
stronger spatial differentiation than individual factors alone. These results are consistent with the principle of583
spatial stratified heterogeneity underlying the Geographical Detector framework, which evaluates how584
explanatory variables correspond to spatial variations in geographic phenomena (Wang et al., 2010a; Wang et al.,585
2016). Importantly, these associations represent statistical spatial correspondence rather than causal586
mechanisms.587

Overall, this study extends global earthquake impact assessments beyond the description of earthquake588
occurrence patterns by integrating temporal trends, multi-scale spatial analyses, and interaction-based spatial589
association analysis. The findings provide a comparative understanding of how earthquake characteristics,590
population exposure, and socioeconomic conditions jointly correspond to heterogeneous disaster impacts across591
regions, supporting global-scale earthquake risk assessment and preparedness planning.592

5.2 Possible explanations for the observed spatiotemporal patterns593

5.2.1 Spatial organization of earthquake characteristics, exposure, and disaster impacts594

The weighted centroid analyses reveal distinct spatial organizations among different dimensions of earthquake595
disaster impacts. While unweighted centroids mainly represent the distribution of recorded earthquake disaster596
events, population-, fatality-, and economic loss-weighted centroids reflect different spatial patterns of human597
and economic consequences. These differences indicate that earthquake impacts are not spatially identical to598
earthquake occurrence patterns, but are associated with the configuration of earthquake characteristics,599
population exposure, and socioeconomic conditions.600

Population- and fatality-weighted centroids show stronger concentration in regions where active tectonic601
settings overlap with high population exposure, consistent with previous global earthquake risk assessments602
emphasizing the importance of hazard-exposure relationships in explaining differences in disaster consequences603
(Jaiswal et al., 2010; Silva et al., 2019). The Geographical Detector results further indicate that earthquake604
characteristics, population density, and socioeconomic conditions exhibit different levels of spatial explanatory605
power, while their combinations correspond to stronger spatial differentiation than individual factors alone.606

In contrast, economic loss-weighted centroids show greater concentration toward regions with high607
economic activity and asset accumulation, reflecting differences between the spatial patterns of human losses608
and economic losses (Daniell et al., 2011; Silva et al., 2019). Overall, centroid variations represent changes in609
the spatial distribution of recorded earthquake disaster impacts rather than migration of seismic activity or610
changes in tectonic processes.611

5.2.2 Data uncertainty and robustness assessment612

Although EM-DAT is one of the most widely used global disaster databases, uncertainties related to613
database inclusion criteria and reporting consistency should be considered when interpreting the results.614
EM-DAT records earthquake disasters based on reported impacts rather than providing a complete catalogue of615
all earthquake occurrences. Therefore, temporal variations in recorded disaster events may reflect a combination616
of changes in disaster frequency, impact thresholds, population exposure, and reporting practices. The increasing617
number of recorded earthquake disasters identified in this study should consequently be interpreted as changes618
in recorded disaster impacts rather than direct evidence of increasing global seismic activity.619

The robustness of temporal patterns was evaluated through multiple sensitivity analyses. Because620
event-normalized indicators are affected by the number and composition of recorded events, metrics such as621
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average fatalities per event may reflect both changes in event frequency and the disproportionate contribution of622
extreme disasters. These indicators were therefore interpreted as supplementary measures of event-level impact623
characteristics rather than independent evidence of increasing earthquake severity. Excluding the five most624
catastrophic earthquake disasters (the 2004 Sumatra–Andaman earthquake and Indian Ocean tsunami, 2008625
Wenchuan earthquake, 2010 Haiti earthquake, 2011 Great East Japan earthquake and tsunami, and 2023626
Türkiye–Syria earthquake) resulted in generally consistent temporal patterns, although the magnitude of some627
trends changed (Supplementary Fig. S2 and Table S3). Sensitivity analyses using different earthquake628
magnitude subsets (Mw ≥ 5, Mw ≥ 6, and Mw ≥ 7) also showed that the overall interpretation of629
earthquake impact heterogeneity remained stable under different event compositions (Supplementary Table630
S15).631

Uncertainty in spatial redistribution analysis was assessed using bootstrap resampling of centroid locations632
and displacement distances. Because centroid estimates can be sensitive to individual high-impact events,633
confidence intervals were derived from resampled centroid distributions rather than from single observed634
estimates. The resulting uncertainty ranges of centroid locations and migration distances are summarized in635
Supplementary Table S6. Therefore, centroid variations are interpreted as changes in the statistical distribution636
of recorded earthquake disaster impacts rather than migration of seismic activity or changes in tectonic637
processes.638

The robustness of the Geographical Detector results was further examined through sensitivity analyses of639
variable discretization schemes. Alternative classification methods and numbers of strata were compared, and640
the selected schemes showed relatively stable q-statistic values across different settings (Supplementary Fig. S3;641
Tables S11– S12). These results support the stability of the identified spatial associations. However, the642
q-statistic and interaction results represent statistical explanatory power and enhanced spatial correspondence643
among factors, rather than causal effects or dynamic mechanisms.644

Several limitations should still be considered when interpreting the findings. The completeness and645
accuracy of EM-DAT records may vary among countries and periods, particularly for economic loss information.646
In addition, GDP-normalized economic losses represent losses relative to aggregate global economic output and647
should not be interpreted as a direct measure of the economic burden experienced by individual affected648
countries. Finally, the national-scale analysis may mask subnational differences in exposure and disaster649
impacts.650
5.2.3 Implications for earthquake risk assessment and preparedness planning651

The spatial differentiation identified in this study provides implications for earthquake risk assessment and652
preparedness planning. Previous global earthquake risk assessments have demonstrated that disaster653
consequences are associated with not only seismic hazard characteristics but also the spatial distribution of654
exposed populations and economic assets (Jaiswal et al., 2010; Silva et al., 2019). Consistent with this655
perspective, the Geographical Detector results indicate that earthquake characteristics, population density, and656
socioeconomic conditions exhibit different levels of spatial explanatory power for earthquake mortality and657
economic losses. Therefore, regions where severe earthquake characteristics overlap with high population658
density or concentrated economic assets may represent priority areas for comparative risk screening and659
scenario-based assessment.660

The distinction between mortality-related and economic-loss-related patterns further suggests that different661
impact dimensions require differentiated assessment strategies. Areas characterized by the combination of strong662
earthquake characteristics and dense population exposure may require greater attention to potential human663
losses and emergency preparedness, whereas regions with concentrated economic assets may require additional664
consideration of potential economic disruption. Similar distinctions between human and economic consequences665
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have been emphasized in global earthquake loss assessments, where exposure characteristics strongly influence666
the distribution of observed impacts (Daniell et al., 2011; Silva et al., 2019).667

Furthermore, the centroid analyses demonstrate that the spatial distribution of earthquake occurrences does668
not fully represent the distribution of disaster consequences. Therefore, earthquake risk assessment and669
preparedness planning should incorporate both seismic information and spatial exposure characteristics rather670
than relying solely on the location or frequency of earthquake events. These findings support integrated671
approaches that combine hazard characterization with exposure assessment for global-scale earthquake risk672
management.673

5.2.4 Future research directions674

Several limitations identified in this study provide directions for future research at the global scale. First,675
although EM-DAT enables long-term comparison of recorded earthquake disaster impacts, differences in676
reporting practices, data completeness, and disaster inclusion criteria may affect temporal and regional677
comparability. Future research could integrate and cross-validate multiple global disaster databases to better678
characterize these uncertainties and improve the consistency of long-term global earthquake impact assessments.679

Second, future studies could further integrate globally consistent, time-varying datasets on earthquake680
characteristics, population exposure, economic conditions, and disaster preparedness. Such integration would681
allow more systematic assessment of the spatial associations between earthquake characteristics, exposure,682
socioeconomic conditions, and recorded disaster impacts across regions and time periods.683

Third, future research could examine whether these spatial associations and impact patterns remain stable684
as population distribution, economic development, and exposure patterns change over time. This would help685
improve understanding of the evolving geography of earthquake disaster impacts and strengthen global-scale686
comparative risk assessment under changing socioeconomic conditions.687

6 Conclusion688

This study investigated the spatiotemporal evolution and spatial differentiation of global earthquake disaster689
impacts from 1980 to 2024 by integrating temporal analysis, multi-scale spatial assessment, centroid-based690
metrics, and Geographical Detector analysis.691

The results reveal a temporal divergence between recorded earthquake disaster frequency and impact692
consequences. Although recorded earthquake disasters and cumulative economic losses increased over the study693
period, mortality-related indicators showed an overall declining tendency, indicating that different dimensions of694
earthquake impacts follow distinct temporal trajectories.695

Spatial analyses demonstrate substantial heterogeneity across continents, countries, and tectonic regions.696
While earthquake disasters remain concentrated along major tectonic belts, the spatial distributions of fatalities,697
affected populations, and economic losses differ markedly. Human and economic impacts also show distinct698
spatial patterns, reflecting differences in the spatial distributions of population and economic exposure. Centroid699
analyses further reveal differences in the spatial organization of these impact dimensions. These patterns700
represent the spatial distribution and redistribution of recorded disaster impacts and should not be interpreted as701
changes in global seismic activity.702

The Geographical Detector results indicate that earthquake characteristics, population density, and703
socioeconomic conditions are statistically associated with spatial differences in earthquake impacts, while factor704
interactions generally correspond to stronger spatial differentiation than individual factors alone. The differences705
between human and economic impacts also suggest that earthquake disaster risk cannot be fully characterized by706
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a single impact dimension. Global earthquake risk assessment and preparedness should therefore consider707
hazard characteristics together with population and economic exposure, while accounting for the different708
spatial expressions of human and economic consequences.709
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