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ARTICLE INFO ABSTRACT
Keywords: Multi-hazard early-warning systems (MHEWS) are critical for mitigating extreme weather impacts and enhancing
Early warnings disaster resilience. However, quantitative empirical evidence on how different types of early warnings individ-

Tropical cyclone

Human mobility resilience
Climate adaptation
Disaster management

ually and collectively trigger preventive actions and influence resilience remains limited. Here, using location-
based human mobility data aggregated from over 1.1 billion mobile devices across Chinese cities, we quanti-
fied daily intracity human mobility responses to 21,126 early warning signals during 19 tropical cyclones (TCs)
from 2021 to 2023. To represent disaster resilience under MHEWS protection, we developed a protected resil-
ience index that integrates both the magnitude of mobility changes and recovery durations. We found that,
compared with city-level TC warnings alone, combined multi-level, multi-hazard warnings resulted in a 52.4 %
reduction in mobility during TC exposure days, thereby increasing avoided direct population exposure by around
57.1 %. Each additional warning type further shortened recovery times, collectively reducing recovery durations
by at least 55.6 %, with larger effects observed for stronger TCs. Under MHEWS protection, protected resilience
remained statistically similar between moderate-intensity TCs (34 kt and 50 kt) but declined significantly under
severe (>64 kt) conditions. Although absolute reductions in exposure were greater in high-frequency, coastal,
and wealthier cities, relative improvements from MHEWS were more pronounced in less frequently affected,
inland, and socioeconomically disadvantaged areas. Consequently, MHEWS significantly narrowed resilience
disparities among cities facing equivalent hazard exposures. This study introduces a scalable, behaviour-based
framework for quantifying early-warning effectiveness, highlighting the essential role of integrated multi-level
and multi-hazard warnings in disaster preparedness across cities amid escalating climate risks.

1. Introduction related fatalities and economic losses worldwide (WMO, 2021). From
the 1970s to 2010s, TCs caused 779,324 deaths and $1.4 trillion in
Tropical cyclones (TCs) are a leading cause of extreme weather- economic losses, accounting for 38 % of global natural disaster-related
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damages (WMO, 2021). TC risks stem from a combination of climate-
related hazards (e.g., winds, rainfall), population and asset exposure,
and vulnerabilities linked to inadequate preparedness and socioeco-
nomic conditions (Peduzzi et al., 2012; IPCC, 2022). By 2050, over one
billion people are expected to live in low-lying, TC-prone cities,
underscoring the urgent need for robust adaptation and risk manage-
ment strategies to mitigate these rising risks and improve resilience
(IPCC, 2022; Jing et al., 2002; UNDRR, 2024).

Early warning systems (EWSs) are widely recognized as critical tools
for disaster preparedness and resilience enhancement (Tennant & Gil-
more, 2020; UNDRR, 2023; UNDRR, 2024). Effective EWSs function as
integrated platforms for hazard monitoring, risk assessment, and timely
forecast dissemination, enabling preemptive actions and mitigating
disaster impacts (UNDRR, 2023; UNDRR, 2024). International frame-
works, including the Sendai Framework and the United Nations Sus-
tainable Development Goals (SDG 13, Target 13.1), explicitly advocate
strengthening early warning capacities and improving disaster risk
management practices globally (United Nations, 2015a; United Nations,
2015b)(United Nations, 2015b). Furthermore, the UN Secretary-Gen-
eral’s recent “Early Warnings for All” initiative underscores the global
ambition to implement universal EWS coverage by 2027 (UNDRR,
2023). Despite such global advocacy, however, the practical effective-
ness of EWSs critically depends on their capacity to translate hazard
alerts into prompt preventive actions at community and individual
scales (Fundel et al., 2019; Fearnley, 2023). High-profile cases of inad-
equate responses to early warnings, such as the 2021 Zhengzhou flood in
China (State Council Disaster Investigation Team of China, 2022) and
the 2024 Hurricane Helene in the United States (Terrill, 2024), highlight
ongoing challenges in bridging the gap between timely warnings and
effective disaster prevention. Existing evaluations of EWS effectiveness
have largely concentrated on technical forecast accuracy (Cremen et al.,
2022) or on investigating the causes of warning ineffectiveness through
interviews and social media analyses (Roy et al., 2015; Perera et al.,
2020; Kitazawa & Hale, 2021; Yore & Walker, 2021), resulting in a
notable gap between theoretical policy frameworks and empirically
validated behavioural outcomes in large-scale settings (Fekete & Sand-
holz, 2021; Dittmer & Lorenz, 2024).

Areas frequently impacted by TCs often concurrently face secondary
hazards such as torrential rainfall and flooding, suggesting potential
added benefits from multi-hazard early-warning systems (MHEWS)
compared to single-hazard systems (UNDRR, 2024). MHEWS integrates
early warnings across multiple administrative levels (national, provin-
cial, and city-level) and hazard types (e.g., TC wind, rainstorm warn-
ings) (United Nations, 2015a), contrasting with traditional single-level,
single-hazard warnings focused solely on wind impacts. Countries with
high-frequency TC exposure, including the United States, China, and
Japan, have adopted multi-level, multi-hazard warning frameworks,
whereas other highly exposed nations, such as the Philippines, pre-
dominantly rely on single-hazard (e.g., wind-only) warnings issued at
subnational scales. While MHEWSs theoretically promise greater effec-
tiveness through coordinated institutional responses and enhanced
preventive actions, they also require significantly greater institutional
coordination, financial investment, and technical capacity, posing sub-
stantial implementation barriers for developing and least-developed
countries (UNDRR, 2024). Yet, quantitative evaluations explicitly
measuring the combined and added benefits of MHEWSs over single-
hazard systems remain notably scarce.

Large-scale, location-based population mobility data provide unique
opportunities for quantifying the effectiveness of MHEWSs, as they
capture real-time, population-level behavioural responses to hazard
alerts (Yabe et al., 2022; Liu et al., 2023a). Early warnings can prompt
anticipatory actions such as evacuations, infrastructure protection, and
activity suspensions, thereby reduce direct population exposure and
accelerate recovery. Consequently, preemptive shelter-in-place or
evacuation actions implemented before direct TC exposure represent
measurable indicators of successful preventive actions (Hatchett et al.,
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2021). Prior studies have used mobility data to track post-disaster re-
covery trajectories by comparing changes relative to pre-event base-
lines, thereby reflecting the capacity of cities to maintain mobility and
social stability under disaster stress (Lu et al., 2012; Wilson et al., 2016;
Liu et al., 2023b). This mobility-based resilience framework has been
widely applied in post-disaster studies in countries such as the United
States (Acosta et al., 2020; Deng et al., 2021; Hong et al., 2021; Wang &
Hu, 2024), China (Tang et al., 2023; Qian et al., 2024), Philippines
(Abad and Fillone, 2020), and Bangladesh (Lu et al., 2016). Although
various mobility data sources have been used, including official or in-
ternational statistical reports, mobile signalling data from telecom op-
erators, commercial datasets such as SafeGraph, and app-based data
from technology companies such as Yahoo, these datasets consistently
capture population movement during disasters (Yabe et al., 2020; Wil-
kinson et al., 2024). Comparative studies conducted in the United States
and Japan (Yabe et al., 2020) as well as in Latin America and the
Caribbean (Wilkinson et al., 2024) have revealed broadly consistent
post-disaster mobility and recovery patterns, highlighting the univer-
sality of population response and return dynamics following large-scale
disasters. However, most previous research has focused on impacts
directly attributed to hazardous events themselves, without explicitly
disentangling the distinct contribution of early warnings to reducing
exposure and shaping resilience outcomes (Haque et al., 2012; Zhang
and Li, 2022).

To address these critical knowledge gaps, this study used China, one
of the countries most frequently impacted by TCs globally (Jing et al.,
2002), as a large-scale empirical context. According to international
disaster loss statistics (EM-DAT), between 2000 and 2024, China
accounted for 31.1 % of the global population affected and 8.6 % of total
adjusted economic losses associated with TCs (CRED, 2025). In 2024
alone, TCs caused direct economic losses of approximately US$11.9
billion dollars across the country, highlighting China’s disproportionate
exposure and disaster burden (Office of the National Disaster Reduction
Committee & Ministry of Emergency Management, 2025). To mitigate
this risk, China’s disaster governance has undergone a paradigm shifted
from reactive disaster response to proactive risk management as re-
flected in its national policy documents (State Council, 2022), with
substantial investments in funding substantial upgrades to its MHEWS
infrastructure from satellites to last-mile local alerts. Its MHEWS struc-
ture, characterized by hierarchical responsibility and territorial man-
agement, allows provincial and municipal authorities to issue distinct
yet parallel warnings. This institutional arrangement provides an ideal
empirical setting to quantify the combined effects of multi-level and
multi-hazard early warnings on mobility-based resilience.

Leveraging daily city-level intracity mobility intensity data gener-
ated from real-time locations of more than 1.1 billion mobile devices
from 2021 to 2023, we systematically assessed how populations
responded to 21,126 early warnings (3,668 multi-level TC warnings and
17,458 city-level rainstorm warnings) across 19 TC events. This study
had four specific objectives, aiming to: (1) quantify how different early
warnings, varying by administrative level, hazard type, and intensity,
reduce disaster direct exposure and accelerate post-disaster recovery;
(2) evaluate the added benefits of MHEWS that combine multi-level and
multi-hazard warnings compared to single-hazard warnings in modu-
lating these dynamics; (3) assess the resulting mobility resilience ca-
pacity of cities under MHEWS coverage across varying hazard
intensities; and (4) identify heterogeneity in these effects across cities
with varying TC frequencies, geographic locations, and socioeconomic
conditions. By providing explicit empirical evidence on these dynamics,
our research quantifies the effectiveness of preemptive actions triggered
by early warnings and offers policy-relevant insights to inform the
design and optimization of MHEWS.

2. Conceptual framework

We developed a conceptual framework that delineates mobility
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resilience to TCs into three interrelated concepts: inherent resilience,
observed resilience, and protected resilience (Fig. 1). Inherent resilience
refers to the capacity for collective mobility response and recovery in the
complete absence of prior early warnings and related preparatory ac-
tions. Observed resilience captures the overall mobility dynamics
throughout a TC event when MHEWS are in place. As MHEWS cannot
fully eliminate disaster impacts, protected resilience represents the
changes and recovery capacity of collective population mobility that still
occurs under MHEWS protection. This may arise from direct exposure
due to non-compliance with warning advice (Roy et al., 2015; Yore &
Walker, 2021), or from indirect effects such as damage to local infra-
structure that delays the resumption of intracity activity (Lu et al., 2012;
Yabe et al., 2020). All three resilience indicators integrate both the
magnitude and duration of mobility change, represented by the area
between the pre-event baseline and the observed mobility curve,
reflecting the extent to which communities can anticipate, absorb, adapt
to, and recover from disruptions (Hong et al., 2021; IPCC, 2022). If a city
were to experience a TC without any warnings, these three measures
would theoretically converge. Under the actual coverage of MHEWS,
warnings may initially reduce mobility, leading to lower observed
resilience. However, unlike the mobility reductions caused by hazardous
weather exposure, such reductions are deliberate and protective, effec-
tively mitigating direct disaster exposure and likely enhancing protected
resilience.

In China, owing to the widespread development and national wide
coverage of MHEWS, inherent resilience is too rare to be statistically
measurable. Therefore, we quantified the combined benefit of MHEWS,
referring to the integration of multi-level and multi-hazard warnings,
from three perspectives: a) Reducing direct disaster exposure, measured
by the preemptive mobility reduction ratio, which captures the pro-
portion of preemptive mobility decline associated with early warnings
during the TC exposure period; b) Shortening recovery time, evaluated
by comparing theoretical and observed recovery times (Fig. 1). Recovery
time is defined as the period from hazard onset (¢) to the first return of
mobility to its baseline level (tz). The theoretical recovery time is
derived from the lag period of hazardous weather estimated by the
model, representing the expected duration of the hazard’s impact (from t
to t3); ¢) Narrowing protected resilience gaps across TC intensity levels
and socioeconomic contexts, where protected resilience is estimated as
the difference between observed resilience and the mobility change
associated with MHEWS (Fig. 1).

Multi-hazard early warning system (MHEWS)

issued Multi-level : national provincial cwty-level‘
b3
Early warnings (signals)<«{Multi-hazard : TC rainstorm \
X
4 Multi—intensity ired orange yellow blue‘
Disaster exposure Recovery
5.4 ¥

Baseline —Y----—. .......... e :

Inrierent resilience
Observed resilience
K Protected resilience
: - Predicted mobiliiy change cu:rve (no warnings)
: Exposureé ~—— Observed mobili;ty change ct{|rve
" period . — Warning associated mobility change curve
t, t t, t, t,

Lead l———Recovery-time——

time k————Theoretical-recovery-time ———»

———————Impact-period————

Human mobility

Retained mobility

Fig. 1. Conceptual framework of mobility changes under TCs and early
warnings. The horizontal grey arrows represent the coverage period of early
warnings or disaster exposure.
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3. Methods
3.1. Data collection and preprocessing

3.1.1. Mobility data and recovery trajectories

Publicly available city-level daily intracity mobility intensity was
obtained from Baidu’s Qianxi data portal (https://qianxi.baidu.com/).
This platform provides aggregated human mobility indices based on
over 120 billion daily location-based service (LBS) queries collected
from more than 1.1 billion mobile devices (Gibbs et al., 2020). Ethical
clearance for collecting and using secondary data in this study was
granted by the institutional review board of the University of South-
ampton (ERGO II 87924.A1). All data were supplied and analysed in an
anonymous format, without access to personal identifying information.
While we acknowledge the theoretical risk of reidentification when
integrating multiple spatial datasets, this risk is minimal in our study
due to the high level of spatial (prefectural-city level) and temporal
(daily) aggregation of the mobility data. Intracity mobility intensity is
defined as a standardized index representing the proportion of residents
engaging in outdoor activities within a given city on each day, covering
a total of 459 observational days from 2021 to 2023.

We calculated changes in mobility intensity relative to a pre-TC
baseline to generate mobility change curves. The retained mobility
ratio for each city on a given day was defined as:

_ MI,

M
Y By,

@

where MI;; and B;, represent the daily mobility intensity and baseline
values for city i on day t, respectively. The mobility reduction MB;; was
calculated as 1 — M;,, with recovery considered complete once the ratio
first exceeded 1 following TC exposure.

To establish the baseline, we used the average mobility from the
week preceding the first national-level TC warning, as national warnings
are typically issued earlier than regional or city-level alerts and are
designed to prompt anticipatory behaviour. Because TCs occur
frequently in China, with intervals between consecutive events some-
times shorter than a week, we selected one representative TC from each
of three key periods, i.e., June, July and August (summer vacation for
students), and September, ensuring at least 20 consecutive days without
other TC events before each selection. Following standard practice in
human mobility research (Hong et al., 2021; Google LLC, 2022), we
adopted the mean mobility during the week before each TC’s initial
national warning as the reference baseline (Supplementary Table S1),
and excluded public holidays to avoid bias from abnormal mobility
patterns. In the sensitivity analysis, we compared outcomes under
different baseline definitions (Supplementary Fig. S1) and evaluated
model fits across these baselines (Supplementary Table S2) to confirm
the robustness of results and justify the adoption of a multi-baseline
approach. Given the relatively short study period (spanning within
two months post-baseline), we did not adjust for seasonal variations in
mobility intensity (Liu et al., 2023b).

3.1.2. TC data and wind field modelling

TC track data used in this study were obtained from the China
Meteorological Administration (CMA) (http://typhoon.nmc.cn/web.
html). CMA served as one of the data sources for the International Best
Track Archive for Climate Stewardship (IBTRACS) database. Unlike
IBTRACS, which retained data at three-hour intervals, CMA provided
data at hourly intervals, offering a higher temporal resolution for more
detailed analysis. The dataset includes latitude and longitude positions,
maximum sustained wind speeds at 10 m above sea level, central pres-
sure, and quadrant radii for 34 kt, 50 kt, and 64 kt wind thresholds (R34,
R50, R64) before landfall, segmented by quadrants (Feng et al., 2014).
We excluded storm observations with maximum wind speeds below 34
kt.
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To delineate areas exposed to different intensities of TCs, we used
two approaches in wind field modelling. The first was the “radii and
track” approach based on quadrant-specific CMA data. Before landfall,
we accounted for the asymmetrical wind field of TCs by using quadrant-
specific wind profiles (R34, R50, R64) to determine exposure areas
under each wind intensity as TCs approached. After landfall, all cities
along the TC’s track were considered affected, with exposure intensity
determined by the maximum central wind speed. The second approach
applied the Holland model to estimate the full wind field (Holland et al.,
2010), dynamically calculating parameters like the radius of maximum
wind (Rmax) (Chavas & Knaff, 2022) and the air pressure profile
parameter (B) (Lin & Chavas, 2012). Peripheral pressures and air density
were assigned based on commonly used values in Chinese TC studies:
1010 hPaand 1.2 kg/ms, respectively (Holland, 1980; Xiao et al., 2011).
This approach allowed calculation of wind speeds at various distances
from the TC centre, identifying exposure regions for 34 kt (63-88 km/h),
50 kt (89-117 km/h), 64 kt (118-149 km/h), 80 kt (150-183 km/h),
and 100 kt (>183 km/h) wind speeds.

Hourly exposure areas were aggregated into daily exposure regions,
meaning a city could be exposed to multiple TC intensities within a
single day. To account for the variation in TC impacts across city areas,
we used WorldPop’s 100 m-resolution population data in 2020 to esti-
mate the proportion of the population exposed to each wind intensity
(Stevens et al., 2015). Among the 368 administrative divisions with
Baidu human mobility data, we found 110 cities directly exposed to TC
winds exceeding 34 kt (Fig. 2a). Given that TC-induced rainfall can
affect much wider areas than direct wind exposure, our analysis also
included the provinces containing these directly affected cities and their
neighbouring regions, encompassing 184 prefectural-level cities
(administrative level 2) across 12 provinces.

Our analysis focused on the TC seasons from June to October during
2021-2023, a period marked by 19 TCs affecting China (Supplementary
Table S1). Analysis of TC exposure data from 2004 to 2023 indicated
that the 2021-2023 period was representative of long-term TC impacts,
with city exposure proportions in these years aligning closely with
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observations from the previous two decades (Supplementary Fig. S2).

3.1.3. Early warning data collection and preprocessing

All disaster-related early warning signals during the TC-prone sea-
sons were sourced from three channels: 1) the National Emergency
Broadcast by China Media Group (http://www.cneb.gov.cn/), 2) official
multi-channel network (MCN) accounts of the China National Early
Warning Information Release Center (https://author.baidu.com/home?
from=Dbjh_article&app_id=1641370415653479), and 3) the official
Weibo accounts of local meteorological bureaus. These sources
comprehensively captured the dissemination of early warnings across
broadcast, multimedia platforms, and social networks. Where no
warnings were reported through these channels, we assumed the signals
were not successfully communicated. Each record included issuing au-
thority (national, provincial, city, or district level), hazard type (TC or
rainstorm), warning intensity (blue, yellow, orange, red), release time,
and signal type (issued, updated, lifted). Due to the infrequent issuance
of provincial or national-level rainstorm warnings, these were excluded
from the analysis. After de-duplication, we identified 21,126 TC- and
rainstorm-related warnings over the study period (Figs. 2b-2c).

For alignment with the spatiotemporal resolution of human mobility
data, early warning data were adjusted both spatially and temporally.
Spatially, warnings were aggregated at the city level; a city was
considered warned if any district within its boundaries issued a signal.
This adjustment reduced the spatial resolution of rainstorm warnings,
typically issued at district or county levels, while TC warnings were
generally city-level or above. Temporally, hourly warning data were
translated to a daily scale: if a warning was lifted before 8 A.M. (prior to
standard work and school hours), that day was considered warning-free.
Conversely, warnings issued after 5P.M. were rolled over from the
previous day’s latest warning level. For multiple warnings issued be-
tween 8 A.M. and 5P.M., we recorded the highest intensity as the daily
warning level. Temporal and spatial adjustments were applied to city-
level warnings, while only temporal adjustments were made for pro-
vincial and national warnings. All data, particularly instances involving
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TC intensity
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Warning intensity
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Fig. 2. Spatial and temporal characteristics of TC impacts and early warning issuance across China. a, TC tracks affecting China and annual days of exposure
from 2021 to 2023. b, Temporal differences between TC exposure and city-level TC warning issuance. ¢, Spatial variations in the average highest TC exposure
intensity and the corresponding average city-level TC warning intensities across cities.
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TC exposure without corresponding city-level TC warnings, underwent
manual verification to ensure completeness and accuracy.

3.1.4. Other covariates

City administrative boundaries were accessed via the Amap API (htt
ps://datav.aliyun.com/portal/), which was approved by Chinese au-
thorities. Daily reanalysed meteorological data, including wind speed
(10 m u-component and v-component) and total precipitation from 2021
to 2023 at a 0.1-degree spatial resolution, were sourced from ERA-5
Land (Hersbach et al., 2020). These data were averaged daily for each
city in Google Earth Engine (GEE), with wind speed calculated by
combining the u and v components. Unconstrained version population
distribution data for 2020 at a 100 m resolution were obtained from
WorldPop, while city-level per capita GDP data at the end of 2020 were
gathered from provincial and city statistical yearbooks. Public holiday
periods for each year were retrieved from the official website of the
General Office of the State Council of China (Lai et al., 2022). Daily
policy stringency index, used as an indicator for non-pharmaceutical
interventions (NPIs) during the COVID-19 pandemic in 2021 and
2022, was derived from the Oxford COVID-19 Government Response
Tracker (Hale et al., 2021).

3.2. Model development and validation

Because TC exposure and warning issuance vary across space and
time (Fig. 2), we developed spatiotemporal Bayesian hierarchical
models to disentangle the average effects of early warnings and haz-
ardous weather conditions on human mobility. Through their hierar-
chical structure, these models enable information sharing across cities
and leverage spatiotemporal variations to estimate the average effect of
each specific type of early warning (Banerjee et al., 2014).

The base model, constructed within the spatiotemporal Bayesian
hierarchical framework, controlled for potential confounders influ-
encing mobility changes at the city level relative to pre-TC baselines,
including day-of-the-week effects, holidays, population size, spatial
dependencies, and city-level heterogeneity. The model is as follows:

M = a+ B + Ucwie) +Sew + VR + Vp; @

here, f.;qq represents the city-level day-of-the-week random effect,
modelled using a cyclic first-order random walk (RW1) to account for
the dependency of daily mobility changes on the preceding day. The
second spatiotemporal random effect is captured by a modified Besag-
York-Mollie (BYM) model, represented by the combination of U
and S(;). Ucw() addresses city-specific noise (e.g., governance capacity
and policy implementation) through an unstructured spatial random
effect at the city level, while S; models the geographical and social
spillover effects among cities through a conditional autoregressive term.
The effectiveness of these two spatiotemporal random effects in
capturing daily mobility changes has been demonstrated in previous
analyses (Liu et al., 2023b). Both holiday Vh and the total population
size Vp; are included as fixed effects to control for their influence on
mobility. The mobility changes were modelled as following a Gaussian
distribution M;; N(y;,,06%), where y;, was the expected mean and ¢ was
the standard deviation. Poisson and negative binomial models were also
tested as potential baselines but were inadequate in addressing residual
overdispersion in the spatiotemporal random effects. Fixed-effect co-
efficients were assigned regularising Gaussian priors with a mean of
0 and a precision of 1 (variance = 1) (Lowe et al., 2021). All random
components, including day-of-week, week-index, city-level and
province-level effects, as well as the Gaussian likelihood precision, were
specified with Penalised Complexity (PC) priors defined as param = c (1,
0.01), implying a 1 % prior probability that the standard deviation ex-
ceeds 1 (Simpson et al., 2017). Model parameters were estimated using
Integrated Nested Laplace Approximations (INLA) within a Bayesian
framework (Blangiardo et al., 2013), carried out in R version 4.1.3.
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Building on the base model, we incorporated key hazardous weather
indicators, including daily average wind speed, total precipitation, and
TC exposure ratio (i.e., the proportion of the population exposed to
different TC intensity categories). TC warnings were categorized by
administrative level (national, provincial, and city) and intensity, while
rainfall warnings were assessed at the city level. Given that China’s
coastal defences and infrastructure have largely mitigated the impacts of
storm surges (Ding et al., 2024), storm surge conditions and related
warnings were not included in the analysis. DLNMs were applied to
assess the non-linear and lagged impact of hazardous weather conditions
(wind and precipitation) and early warnings on mobility changes
(Gasparrini et al., 2010), simultaneously capturing the non-linear
exposure-response relationships and the distributed timing of their ef-
fects. This method has been widely applied in studies examining the
effects of climate and disaster on human health (Huang et al., 2023;
Fletcher et al., 2025), enabling the estimation of both the intensity and
temporal evolution of how early warnings and hazardous weather in-
fluence mobility. Natural cubic splines with three degrees of freedom
were used for both the exposure and lag dimensions. For the exposure
dimension, two internal knots were placed at equally spaced quantiles of
each predictor. For the lag dimension, early-warning effects were eval-
uated over a 7-day window, whereas TC exposure ratios, average wind
speed and precipitation were assessed over 14- or 21-day lag windows
depending on the variable. Lag splines were defined with a single in-
ternal knot positioned at the midpoint of each lag period. The compre-
hensive model was defined as follows:

Mi: = a+Buae + Uciw) +Sciy + Vh+ Vp; +f L(ws,d);
+f.lprec,d); + f I(Rsa,d); + f l(Rso, d); + f.Ll(Re4, d); 3
LU Wy )+ F LW, d), + £1(Wea, )+ £ L(Wep, d),

where f.l(ws,d),f l(prec,d);,  fI(Rss,d);;  fl(Rso,d);,  f.I(Res,d);,
Fl(We,d);, f LWy, d);, f.Ll(Wer, d);, f1(Wep,d), represent the DLNMs for
average wind speed, precipitation, 34 kt TC exposure ratio, 50 kt TC
exposure ratio, 64 kt or above TC exposure ratio, national TC warnings,
provincial TC warnings, city-level TC warnings, and city-level rainstorm
warnings, respectively. In the experiments using Holland wind field
data, the DLNMs also included population exposure ratios for 80 kt and
100 kt or above wind speeds. Average wind speed, precipitation, and
NPI stringencies in 2021 and 2022 were calculated as deviations from
baseline averages. Considering the influence of COVID-19 interventions
in 2021 and 2022, primary results were derived from 2023 data, with
earlier years incorporated into sensitivity analyses.

All factors were first examined for multicollinearity using Pearson
correlation test. When two variables were highly correlated (r > 0.05),
only the one with the stronger association with the outcome variable
was retained in the model (results in Supplementary Fig. S3 and S4). The
data obtained from the two wind field calculation methods were highly
correlated, with the Holland model data exhibiting higher autocorrela-
tion. Therefore, we based the main analysis on the “radii and track”
population exposure ratios, while using the Holland model for sensi-
tivity analysis.

To identify the best-fitting model, we compared model performances
using Deviance Information Criterion (DIC) and log score (Lowe et al.,
2021). The DIC balances model accuracy with complexity by estimating
the effective number of parameters, while the log score assesses pre-
dictive power through leave-one-out cross-validation. For both criteria,
lower values indicate a better fit. We conducted residual diagnostics to
assess model adequacy. To validate the improvements provided by data-
driven models, we also assessed the difference in mean absolute error
between the base models and the selected models, determining the
proportion and locations of cities where the model fit had improved.

We treated early warnings of different administrative levels and
hazard types as independent events because China’s MHEWS operates
under the principle of hierarchical responsibility and territorial
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management (State Council, 2022). Specifically, national-level warnings
are issued by the CMA to provide nationwide situational awareness but
do not directly trigger or determine the timing of provincial or munic-
ipal warnings. Local governments are authorised to develop, issue, and
update their own warnings based on real-time local conditions and
impact assessments. Therefore, in the Chinese context, treating warnings
at different levels and hazard types as independent but potentially
concurrent information sources accurately reflects how the system
functions in practice. Even so, we conducted sensitivity analyses to
explore potential interaction effects. Specifically, we examined whether
concurrent national- or provincial-level warnings influenced the effec-
tiveness of city-level TC warnings, whether the early issuance of TC
warnings affected the effectiveness of subsequent rainstorm warnings,
and whether the same type of TC warning produced different effects
under varying TC intensities.

3.3. Assessing impacts of early warnings on mobility resilience

3.3.1. Avoided exposure
Assuming that exposure to warnings and hazardous weather condi-
tions is associated with human mobility reduction, we assessed the po-
tential mobility reduction MB under exposure compared to non-
exposure as:
P(RIE)

MR:17RRandRR:m 4

here, P(R|E) is the posterior ratio of retained mobility under exposure
and P(R|—E) represents the prior ratio under baseline conditions (base-
line being 100 %). Thus, RR gives the average retained mobility. We
analysed MR and its 95 % credible intervals over lag periods, consid-
ering cases where exposure led to a mobility reduction (i.e., MR > 0).
Since impacts could persist for several days, the impact period (lag days)
for each factor was defined as days with MR > 0. Although incorpo-
rating average city wind speed improved model fit, it did not signifi-
cantly affect MR (Supplementary Table S3 and Fig. S5) and was
therefore treated solely as a control variable without further mention.

Because we assumed that all warnings and hazardous weather events
independently affect population mobility, we calculated their combined
effect when occurring simultaneously based on the joint probability of
independent events. The preemptive mobility reduction ratio (abbrevi-
ated as preemptive reduction ratio) during the TC exposure period was
calculated as:

mw.it 1- Mw.it

PR, = — — = — — 5)
R My X My 1 —T[Myz X [ [Mpwe
Leadn_MR,,;
Leadn_PR,; = Ao M wie 6)
1 — Leadn_My ;; x Leadn_Mpy
Leadn_MR,,; =1 — H(H)Mw.i(t—n) @

here, PR, j; denotes the preemptive reduction ratio of a specific warning
w issued by unit i at exposure time t, 1 —My; x My, representing the
maximum mobility reduction ratio under the combined effects of all
warnings and hazardous weather. Leadn MR,; is the preemptive
reduction ratio of warnings w issued n times prior to the exposure time,
accounting for both the direct impact of warnings issued at time t and
the lingering effects of historical warnings that persist over previous
periods.

The preemptive reduction ratio quantifies, for each city and TC
event, the proportion of direct exposure reduction attributable to early
warnings during the TC exposure period. We further estimated the
aggregate and regional differences in avoided exposure by incorporating
city-level population size and baseline mobility intensity. The corre-
sponding formulas are presented below:
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E2i,[ = E].i’[ X (BM/].O) (8)
AElLt = EZM X MBi,t (9)
AE2;, = AE1;, x Lead3_MRy (10)

here,E1;, denotes the estimated static exposure population in city i on
TC exposure day t, calculated by overlaying the wind field with
WorldPop population distribution data. One person exposed to one
typhoon day is counted as one population-day of exposure. E2;, repre-
sents the population actually at risk due to outdoor activity on day t in
city i, estimated as the product of E1;, and the baseline intracity mobility
level B;,. Although the intracity mobility index is standardized, it has
been shown to correlate positively with actual mobility volumes (Zhao
& Gao, 2024). During the 2023 study period, the average intracity
mobility index across mainland China was 6.66 + 1.10. For comparison,
Meta movement distribution data indicated that the daily proportion of
residents travelling from home locations (i.e., distance > 0 km) in
similarly dense and transit-oriented regions was 59.2 % + 5.1 % in
Japan, 61.0 % + 2.2 % in South Korea, 64.1 % =+ 1.4 % in Singapore,
and 63.8 % + 1.7 % in Hong Kong, respectively (Meta, 2025). Because
no equivalent datasets exist for Chinese cities, we approximated B;;/10
as the daily proportion of residents engaging in outdoor activity.

AE1;; represents the total reduction in exposure due to decreased
intracity mobility on day t, or the total avoided direct exposure. AE2;,
represents the reduction in direct exposure resulting from preemptive
actions associated with early warnings. Given that the intracity mobility
index-based proportion involves unavoidable measurement un-
certainties, our estimates should be interpreted as the order of magni-
tude of avoided exposure associated with early warnings, rather than as
an exact count of avoided population-days.

3.3.2. Shortened recovery time

To assess the impact of early warnings on post-disaster recovery
time, we treated the model-estimated lag period of TC exposure as the
theoretical recovery time. This value represents the expected duration of
hazard impacts in the absence of warning and preparedness. We then
compared it with the average observed recovery time, and the difference
was interpreted as the benefit provided by early warnings. To ensure a
cautious interpretation, cities were categorised according to the
maximum TC intensity experienced during each event, allowing us to
differentiate the effects of early warnings under varying hazard sever-
ities. It should be noted that the model-estimated lag period does not
represent conditions of complete absence of MHEWS, and therefore the
estimated reduction in recovery time is a probably underestimated
estimate.

3.3.3. Mobility resilience
Still based on the joint probability of independent events, we
calculated the overall preemptive reduction ratio of early warnings
during the impact period during TC events as:
ty A
Ji2 CMRydt

L7
[ MRt an
here, the impact period refers to the duration from the issuance of the
first early warning during the event to the first time mobility returns to
its baseline level (from t, to t, in Fig. 1). CMR represents the cumulative
reduction in intracity mobility caused by both hazardous weather and
early warnings over their respective lag periods; CMRy, denotes the
cumulative mobility reduction attributable solely to early warnings over
their lag periods.

By eliminating the mobility changes induced by warnings, the pro-
tected resilience should be:
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%)
PR = (~1) x / MRy dt x (1— W) a12)
to
Compared with the commonly used observed resilience OR = (—1) x
Ik ? MR; ,dt, this metric PR excludes the mobility changes triggered by

1
early warnings during this time. Because MR;, represents the reductions
in intracity mobility, observed resilience and protected resilience are
expressed as dimensionless negative quantities. Accordingly, larger (i.e.,
less negative or closer to zero) values indicate higher resilience,
reflecting a greater ability to maintain baseline activity levels under
hazard exposure.

It should be noted that temporally consecutive TC events may lead to
compounded impacts and delayed post-disaster recovery, thereby
biasing the estimation of early-warning effects. To mitigate this poten-
tial bias, consecutive TC events were excluded from the analysis. Spe-
cifically, if a city was affected by two TCs within a 10-day interval, data
from both events were removed from the quantification of early-
warning impacts.

3.3.4. Significance testing of group differences

To highlight the differential benefits of various warning types and
combined warnings, we compared the distribution of outcomes across
different TC intensity levels. We employed the Wilcoxon rank-sum test
(W-test) to assess whether group differences were statistically signifi-
cant. A p-value below 0.05 was considered indicative of statistical sig-
nificance. For avoided exposure, calculations were conducted at the
daily level, with TC intensity defined as the maximum TC intensity
experienced by the city on each TC exposure day. In contrast, recovery
time and protected resilience were analysed at the event level, where a
“TC event” is defined as a single instance of a city being affected by a
specific TC. TC intensity in this context was defined as the maximum TC
intensity experienced by the city during the entire TC event period.

3.4. Heterogeneity analysis

To determine whether the effect of early warnings in narrowing
protected resilience gaps varied across urban settings, we categorised
cities by TC exposure frequency, geographic location, and socioeco-
nomic conditions. Cities with total exposure days across the three-year
study and in 2023 above the median were classified as high-frequency
cities (n = 28), while those below the median but still exposed were
considered low-frequency cities (n = 16). Coastal cities were defined as
those within 50 km of the coastline (n = 62), and the rest as inland cities
(n = 122). Wealthier cities, with 2020 GDP per capita in the top 30 %
percentile, comprised 55 cities, while the bottom 30 % defined the 54
less affluent cities. The analyses were conducted separately for each
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category, allowing for comparison across groups.
4. Results
4.1. Mobility disruptions under TC exposure

In general, TCs led to substantial reductions in intracity mobility
across 110 exposed Chinese cities from 2021 to 2023, with an average of
2.1 days of exposure per year (Fig. 2a). The first day for a city impacted
by TC winds exceeding 34 knots (kt for short) in each TC was designated
as the “Day 0” of exposure, and a single TC typically affected cities for
approximately two days (Fig. 2b). Consequently, the average mobility
reduction peaked on Day 1 after exposure, with mobility returning to
pre-TC baseline levels by Day 8 if no consecutive TCs occurred (Fig. 3a).
The magnitude of mobility reduction was proportional to TC intensity
(measured in TC Wind, kt), with reductions of 8.4 % + 11.5 % at 34 kt
(tropical storms), 13.5 % =+ 7.7 % at 50 kt (strong tropical storms), and
24.3 % + 19.1 % at 64 kt or above (typhoons, severe typhoons, and
super typhoons) (Fig. 3b). The observed reduction likely indicates that
individuals either relocated or sheltered indoors, thus avoiding their
direct exposure to the TCs.

Notably, the decline in intracity mobility began two days before Day
0, aligning with the issuance of city-level TC warnings (Fig. 2b and
Fig. 3c). While regulations in China specify the required warning in-
tensity (i.e., blue, yellow, orange, and red, increasing with severity)
based on TC intensity (see Appendix Table A1), the warnings issued did
not always align with the observed TC intensities (Figs. 2b-2c). Higher
warning intensities were associated with greater mobility reductions,
with the maximum reductions of 5.4 % + 4.0 % for blue warnings, 11.1
% =+ 6.2 % for yellow, 11.5 % + 11.9 % for orange, and 26.5 % + 21.5 %
for red warnings (Fig. 3c). Cities without any city-level TC warnings
experienced greater mobility reductions and slower recovery than those
with even a slight (blue) warning. This suggests that early warnings
might positively influence both the timing and magnitude of mobility
recovery.

4.2. Combined benefits in reducing exposure

We disentangled daily intracity mobility changes induced by early
warnings from those driven by hazardous weather during TCs using
spatiotemporal Bayesian hierarchical models combined with DLNMs.
We found that incorporating hazardous weather and early warnings into
the DLNM framework significantly improved explanatory power
compared to linear models, as evidenced by DIC values and log-
likelihood scores. The formulas and results of all 23 comparative
models are detailed in Supplementary Table S3. The comprehensive
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Fig. 3. Observed mobility change curves under TC impacts. a, Average intracity mobility changes across cities with TC exposure relative to baseline, with each
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model, integrating the DLNMs of all weather and warning factors,
demonstrated the best overall fit, improving the mean absolute error in
94.6 % of cities relative to the base model (Supplementary Fig. S6).
Residuals were centred around zero with no systematic trends or spatial
clustering, indicating no heteroscedasticity or misspecification and
confirming that the model effectively captured the spatiotemporal
structure of the data (Supplementary Fig. S7). Notably, while the in-
clusion of city-level average wind speed enhanced model fitness, it did
not significantly reduce mobility (Supplementary Fig. S5). In contrast,
rainfall, TC exposure, and associated warnings were strongly associated
with substantial reductions in intracity mobility intensity (Supplemen-
tary Fig. S8-S9).

Fig. 4a illustrates the issue-response relationship between different
types of warnings and mobility changes. We found that more localized
and higher-intensity warnings were particularly effective at triggering
indoor risk-avoidance behaviours. Specifically, red city-level TC warn-
ings were associated with a 12.3 % reduction in intracity mobility on the
day of issuance (95 % CI: 11.0 %-13.6 %), while orange, yellow, and
blue warnings were associated with reductions of 5.4 % (95 % CI: 4.7 %—
6.2 %), 1.8 % (95 % CI: 1.3 %-2.4 %), and 0.8 % (95 % CI: 0.4 %-1.2 %),
respectively. Higher-level administrative warnings had broader
coverage but smaller impacts: red provincial TC warnings were associ-
ated with a maximum 9.6 % reduction (95 % CI: 7.7 %-11.4 %), while
blue warnings showed a minimal 0.3 % reduction (95 % CI: 0-0.5 %).
National-level red warnings reduced mobility by a maximum of 1.8 %
(95 % CI: 1.6 %-2.0 %), with blue warnings showing no measurable
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effect. City-level rainstorm warnings had the largest reduction of 3.4 %
(95 % CI: 2.9 %-3.8 %) for red warnings, while blue, yellow, and orange
warnings all produced similar reductions of around 1.4 %.

Over half of the intracity mobility reduction on TC exposure days
was associated with preemptive avoidance triggered by early warnings.
Same-day warnings were associated with a preemptive reduction ratio
of 48.2 % (interquartile range [IQR]: 29.5 %-62.8 %) (Fig. 4b).
Recognizing that warnings might exert lagged effects, i.e., mobility
changes observed on TC exposure days could be influenced by warnings
issued several days earlier, we incorporated lagged effects from warn-
ings issued up to three days prior to TC exposure (Fig. 4c), which
increased the preemptive reduction ratio across all warnings to 52.4 %
(IQR: 33.1 %-66.9 %) (Fig. 4d). After accounting for differences in
baseline mobility levels and population sizes across cities (Supplemen-
tary Fig. S10), approximately 75.4 million population-days in 2023
avoided direct TC exposure through shelter-in-place actions during TC
events, of which 41.0 million person-days (54.4 %) were directly asso-
ciated with early warnings (Fig. 4e). While changes in intracity mobility
intensity captured only the number of individuals fully avoiding outdoor
activities on a given day, without accounting for vulnerable groups
trapped or adversely affected while sheltering in place, it nonetheless
offers a robust estimate of the population-level exposure reductions
achieved through early warnings.

To assess the added benefit of MHEWSs relative to single-hazard
EWSs, we compared the combined population exposure reductions
from multi-level, multi-hazard warnings against those from city-level TC
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warnings. City-level TC warnings represent the most common form of
single-hazard EWS during TCs in many countries, making them an
appropriate baseline for comparative analysis. Relative to the 23.4
million person-days of avoided direct exposure associated with city-level
TC warnings, MHEWSs increased the avoided exposure by 57.1 %
(Fig. 4e). Although this percentage declined slightly with increasing TC
intensity, because cities under more severe conditions would issue
higher-intensity city-level warnings and implement stricter protective
measures, the added benefit of MHEWSs remained substantial. Across all
TC intensity levels, MHEWSs consistently achieved over 40 % greater
avoided direct exposure compared to single-hazard EWSs (Fig. 4e),
underscoring their superior protective capacity.

4.3. Early-warning effects on recovery and protected resilience under TCs

Having established the role of early warnings in reducing exposure,
we next examined whether they also contributed to shortening the re-
covery time following TC impacts. We used the mean impact period (i.e.,
lag days) of hazardous weather impacts on mobility as a proxy for
theoretical post-disaster recovery time and found that hazardous
weather exerted longer effects than early warnings (Fig. 5a). Rainstorms
affected mobility for up to 5 days, while TC impacts persisted beyond 9
days (Supplementary Fig. S9). Higher TC intensities further extended lag
durations, with impacts lasting up to 9, 13, and 21 days under 34 kt, 50
kt, and 64 kt or above exposures, respectively. In contrast, city-level
warnings, whether for TCs or rainstorms and regardless of intensity,
affected mobility for only 2 days, while provincial and national warn-
ings extended up to 7 days (Supplementary Fig. S8).

a

b
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Controlling for TC exposure intensity, the combination of multiple
early warning types was associated with accelerated recovery (Fig. 5b).
Under 34 kt TCs, average observed recovery occurred on Day 9 without
city-level TC warnings, Day 8 with city-level TC warnings, and remained
on Day 8 when both city- and provincial-level TC warnings were issued.
However, when all warning types were present, recovery time further
shortened to Day 4 (Fig. 5b, Supplementary Fig. S11). Under 50 kt TCs,
compared to an expected 13-day disruption from wind exposure, cities
issuing multi-level, multi-hazard warnings recovered by Day 4; under 64
kt or stronger TCs, recovery was reduced to Day 5 compared to the
projected 21 days. In other words, when all warning types were issued,
recovery times were shortened by 55.6 % under 34 kt TCs, increasing to
76.2 % under 64 kt or stronger TCs. Notably, cities that implemented
multi-level, multi-hazard warnings also tended to issue stronger and
earlier warnings at the same TC intensity. Given that both higher-
intensity warnings and longer lead times are associated with faster re-
covery (Figs. 5¢-5d, Supplementary Fig. S12), the observed acceleration
likely reflects the joint influence of multiple warning types, stronger
warning signals, and earlier warning issuance.

Despite the reduced exposure and shortened recovery time afforded
by early warnings, cities were still affected by hazardous weather.
Protected resilience was quantified to capture the residual impacts
under such protection. As shown in Fig. 6, Chinese cities exhibited no
significant differences in protected resilience when facing 34 kt or 50 kt
TCs. However, under TCs of 64 kt or stronger, although early warnings
substantially reduced direct exposure on the impact day and accelerated
recovery, cities’ protected resilience declined significantly (Fig. 6). In
short, while preparatory actions mitigated part of the impact, TCs
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Fig. 6. Protected resilience to TCs. Half-violin plots display the data distri-
butions, while boxplots present statistical summaries, where the central line
represents the median and solid circles indicate the mean values. Significance
levels were determined using two-sided Wilcoxon tests (*** P < 0.001; ** P <
0.01; * P < 0.05; NS, P > 0.05).

exceeding 64 kt imposed stresses beyond what cities’ preparedness
could fully absorb.

4.4. Variations in the benefits of early warnings across TC frequency,
geographic locations, and socioeconomic conditions

The effectiveness of early warnings may vary across urban contexts.
We found that early warnings were associated with significantly higher
preemptive reduction ratios in high-frequency, coastal, and wealthier
cities compared to low-frequency, inland, and less affluent ones on TC
exposure days (Figs. 7a-7d). This disparity was related with stronger
behavioural responses to equivalent warnings in high-exposure and
coastal areas. For instance, under orange city-level TC warnings, high-
frequency cities exhibited a 6.8 % reduction in intracity mobility in-
tensity (95 % CI, 5.1 %-8.4 %) compared to 5.5 % (95 % CI, 1.5 %-9.4
%) in low-frequency cities, while coastal cities showed a 6.6 % reduction
(95 % CI, 5.3 %-7.8 %) versus 2.4 % (95 % CI, 0-5.1 %) in inland cities.
Notably, although less affluent cities exhibited greater mobility re-
ductions per warning (Fig. 7c), they achieved a 21.6 % lower preemptive
reduction ratio (46.4 % vs. 67.6 %) compared to wealthier cities, largely
because many exposure days in less affluent cities lacked city-level TC
warnings (Fig. 7d, Appendix Fig. A1). This difference points to unequal
infrastructural capacity and underscores the importance of institutional
preparedness.

Compared with single city-level TC warnings, the combination of
multi-level and multi-hazard warnings was associated with substantially
larger relative gains in avoided direct population exposure in low-
frequency, inland, and less affluent cities (increases of 941.6 %, 380.8
%, and 62.7 %, respectively) (Fig. 7e). However, the absolute added
benefits were greater in high-frequency, coastal, and wealthier cities
(15.1 million, 13.8 million, and 8.7 million population-days, respec-
tively) due to their larger baseline exposure. Therefore, from an absolute
perspective, implementing MHEWS in high-frequency, coastal, and
wealthier regions yields the largest direct benefits, while from a relative
improvement perspective, low-frequency, inland, and less affluent areas
achieve the greatest proportional gains.

Importantly, under the protection of MHEWS, protected resilience
capacity did not differ significantly across cities by TC frequency or
economic status. However, geographic location remained a significant
factor, with coastal cities exhibiting significantly lower protected resil-
ience than inland cities. While coastal cities achieved a median pre-
emptive reduction ratio of 72.9 % (IQR, 55.2 %-95.2 %) on TC exposure
days (Appendix Fig. A2), only 32.1 % (IQR, 16.5 %-46.2 %) of the total
mobility reduction over the impact-to-recovery period could be
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associated with early warnings (Supplementary Fig. S13). This
discrepancy highlights that despite strong anticipatory responses,
coastal cities remain disproportionately vulnerable to the direct physical
impacts of TCs.

4.5. Sensitivity analysis

Our main findings remained robust across a series of sensitivity an-
alyses. To address potential uncertainties, we tested alternative wind
modelling approaches (Supplementary Table S7, Appendix Fig. A3) and
data from different time periods (2021 and 2022) (Supplementary
Table S8, Appendix Fig. A4) (details in Methods). While specific nu-
merical values varied slightly, the overall conclusion remained robust
across all analyses, i.e., more than half of the mobility reduction during
TCs was associated with preemptive actions triggered by early warnings.
Importantly, with early warnings in place, no statistically significant
difference in protected resilience was observed between 34 kt and 50 kt
TC exposures.

5. Discussion

To the best of our knowledge, this study provides the first large-scale,
behaviour-based quantification of how MHEWS shape disaster resilience
under TC impacts, leveraging real-time mobility data from 1.1 billion
mobile devices across 19 TC events in China. By disentangling the
contributions of different warning types and levels, we provide empir-
ical evidence of the combined and added benefits of MHEWSs in
reducing population exposure, accelerating recovery, and shaping pro-
tected resilience to the impacts of extreme weather. The conceptual
framework developed here is generalizable and can be adapted to assess
early-warning effectiveness across these areas. As climate risks escalate
globally, applying this dynamic, behaviour-based approach in diverse
settings offers critical insights for designing context-specific MHEWS
and strengthening global disaster preparedness.

Our findings highlight that early warnings are not merely supple-
mentary to structural adaptation but are central to triggering anticipa-
tory human behaviour. On TC exposure days, over half of the observed
reductions in intracity mobility were associated with early warnings,
avoiding an additional 54.4 % of direct exposure compared to city-level
TC warnings alone. When multiple warning types were combined,
average recovery durations shortened by 56-76 %, depending on TC
intensity, underscoring the powerful combined effects of MHEWS.
Notably, the largest absolute protective benefits accrued to high-
frequency, coastal, and wealthier cities, while the greatest propor-
tional gains were observed in low-frequency, inland, and less affluent
regions. While severe disasters do not necessarily alter global policy
frameworks (Nohrstedt et al., 2021), they shape local risk awareness
(Riris et al., 2024) and warning effectiveness, helping ensure that cities
frequently impacted by TCs are not more vulnerable than those low-
frequency cities when protected by robust MHEWS. Such experience-
driven awareness can also be cultivated through education and pre-
paredness programs (UNDRR, 2023). Our empirical findings emphasize
the importance of strengthening early-warning education and emer-
gency drills in low-frequency and inland cities, as well as the urgency of
improving the accuracy and coverage of early warnings in less affluent
cities within China’s MHEWS development.

Despite these benefits, our results reveal persistent disparities in
warning issuance that can be mitigated by multi-level warning coverage.
Although less affluent cities demonstrated strong per-warning behav-
ioural responsiveness, they issued fewer warnings overall, leaving larger
portions of their populations exposed. This suggests that infrastructural
and institutional gaps, rather than differences in risk perception or
behavioural capacity, are key drivers of inequitable protection. Such
inequalities in disaster management across cities with differing eco-
nomic conditions are widespread globally (Cutter & Finch, 2008; Ronco
et al., 2023). As climate change intensifies TC hazards, failing to close
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Fig. 7. Variations in the effect of early warnings across cities with different TC frequencies, geographical locations, and socio-economic conditions. The
maximum mobility reductions and their 95 % CIs for different warnings and hazardous weather conditions are shown for cities with low-frequency and high-
frequency TCs (a), coastal and inland cities (b), and wealthier and less affluent cities (c). The preemptive reduction ratio on TC exposure days (d), total avoided
direct population exposure (e), and protected resilience at 34kt and 50kt TCs (f) across city groups were compared. Significance was determined using a two-sided
Wilcoxon test (*** P < 0.001; ** P < 0.01; * P < 0.05; NS. P >= 0.05). The models’ goodness-of-fit criteria are detailed in Supplementary Table S4-S6.

these institutional gaps risks exacerbating health and economic in-
equalities by increasing exposure in under-protected populations
(Frankenberg et al., 2020). In China, the presence of multi-level and
multi-hazard warnings has partly mitigated such inequalities by
strengthening overall protective coverage, ensuring that under compa-
rable TC intensities, less affluent cities did not exhibit significantly lower
resilience than wealthier counterparts. This finding suggests that for
countries, MHEWSs, compared with single-hazard EWSs, are not
redundant but essential for ensuring equitable disaster preparedness.
Our analysis also underscores a widely recognized challenge: accu-
rate early warning issuance does not automatically translate into pre-
paratory behavioural responses. National-level TC warnings, provincial
low-intensity TC warnings, and low-intensity city-level rainstorm
warnings were not significantly associated with intracity mobility re-
ductions. Prior studies have attributed such ineffectiveness to limited
public understanding of warning messages or low trust in official in-
formation sources (Roy et al., 2015; Perera et al., 2020; Kitazawa &
Hale, 2021; Yore & Walker, 2021). By linking our results with actionable
guidance from China’s official protocols (Appendix Table A1), we found
that warnings accompanied by mandatory measures were markedly
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more effective in prompting preventive behaviour. This likely stems
from China’s centralized, top-down governance and communication
system, where government-issued warnings are tied to coordinated and
enforceable actions. A similar pattern was observed during TC Amphan
(May 2020) in Bangladesh, where the involvement of security forces in
organized evacuations enhanced compliance and effectiveness (Islam
et al., 2021). Therefore, mandatory measures can be considered a viable
policy instrument in centralized systems during their MHEWS design
when an extreme hazard is around the corner.

Furthermore, we found that even under MHEWS protection, cities
facing TCs at 64kt or above exhibited significantly lower protected
resilience compared to those facing 34 kt or 50 kt storms. Coastal cities,
in particular, demonstrated substantially lower protected resilience than
inland cities when exposed to similar TC intensities. These findings
reflect the limits of behavioural adaptation under extreme physical
impacts: MHEWS alone cannot fully substitute for robust hard infra-
structure, adaptive land-use planning, and compound flood manage-
ment, especially in densely populated coastal zones. This underscores
the need for integrated adaptation strategies that combine behavioural,
institutional, and structural measures to comprehensively strengthen
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resilience.

This study has several limitations. First, our analysis was conducted
at the city-day scale using Baidu mobility data, which, although na-
tionally representative, lack demographic detail and finer temporal
resolution. Integrating multi-source and sub-daily mobility datasets
from other platforms would allow for more granular spatiotemporal
analyses and a deeper understanding of MHEWS impacts. Second, we
treated warnings as independent events, which may have under-
estimated their effects by overlooking dependencies among warnings of
different administrative levels, hazard types, and their interactions with
hazard intensity. Sensitivity analyses confirmed that concurrent na-
tional- or provincial-level warnings enhanced the effectiveness of city-
level TC warnings, particularly under high-intensity (red) conditions
(Supplementary Fig. S14); the issuance of city-level TC warnings
amplified the effectiveness of simultaneously released rainstorm warn-
ings (Supplementary Fig. S15); and the same level of TC warning might
exhibit different effects across diverse TC intensities (Supplementary
Fig. S16). Future research could apply models capable of detecting
complex interactions, such as random forest or Bayesian multilevel
interaction models. Third, our analysis focused on China’s centralized
MHEWS framework, where residents are instructed to shelter in place
and evacuations are centrally coordinated. In more decentralized sys-
tems, such as those in the United States and Japan, mobility changes
may reflect both voluntary evacuation and stay-at-home behaviours
(Yabe et al., 2020; Hong et al., 2021), complicating interpretation.
Cross-national comparative analyses are therefore needed in the future
to capture institutional diversity. Finally, our focus on mobility-based
resilience provides a useful proxy for behavioural and functional re-
covery, yet it captures only one facet of overall resilience. A compre-
hensive assessment of MHEWS benefits requires broader consideration
of economic, infrastructural, and health dimensions that underpin long-
term adaptive capacity.

This study demonstrates that MHEWSs shape disaster resilience by
reducing exposure, accelerating recovery, and narrowing protected
resilience gaps across diverse urban contexts. Our findings provide
empirical guidance for optimizing MHEWS architectures and reinforce
their critical role in climate adaptation strategies. As climate risks
intensify, ensuring universal, multi-layered, and locally tailored
MHEWS coverage will be essential not only for minimizing disaster
impacts but also for advancing equitable and sustainable development
worldwide.
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6. Code availability

The codes used in the study are available at: https://github.com/
fionaliuhy/TC-early-warning.
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The triggering weather conditions and official actionable guidance corresponding to early warnings at the city-level in China. All actionable guidance for
high-intensity warnings are additional to those implemented for lower-intensity ones.

Targeted Intensity  Triggering Weather Conditions Actionable Guidance
Hazard
Weather conditions Lead Actionable guidance With mandatory
time measures
TC Blue Possible or ongoing TC 24 h 1. Government prepares for the typhoon. 2. Suspend outdoor and high-altitude work. 3.  No
(Typhoon) winds below 34 kt Vessels return to port or reroute. 4. Secure structures, cut off hazardous power supplies.
Orange Possible or ongoing TC 24 h 1. Suspend large indoor/outdoor gatherings. 2. Nurseries, kindergartens, and primary/  Yes
winds 34-50 kt secondary schools suspend classes.
Yellow Possible or ongoing TC 12h 1. All schools suspend classes. Yes
winds 50-64 kt
Red Possible or ongoing TC 6h 1. Suspend gatherings, classes, and business operations (except essential industries). Yes
winds over 64 kt
Rainstorm Blue Rainfall expected toreach 12 h 1. Government prepares. 2. Drivers exercise caution. No

or exceed 50 mm
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Table A1 (continued)

Targeted Intensity  Triggering Weather Conditions Actionable Guidance
Hazard
Weather conditions Lead Actionable guidance With mandatory
time measures
Orange Rainfall expected toreach 6 h 1. Traffic control in flooded areas. 2. Cut power, halt outdoor work, relocate people. No
or exceed 50 mm
Yellow Rainfall expected toreach 3 h 1. Schools and workplaces in danger zones should close. No
or exceed 50 mm
Red Rainfall expected toreach 3 h 1. Suspend gatherings, and classes (except essential services). Yes

or exceed 100 mm
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Data availability

All datasets used in this study are publicly available from open-access
repositories or official platforms. Tropical cyclone track data were ob-
tained from the China Meteorological Administration (CMA)
(https://typhoon.nmc.cn/web.html). Human mobility data were
retrieved from Baidu Qianxi data portal (https://qianxi.baidu.com/).
Early warning data were collected from the National Emergency Broad-
cast (https://www.cneb.gov.cn/), the official multi-channel network
(MCN) account of the China National Early Warning Information Release
Center, and verified local meteorological bureau Weibo accounts. Mete-
orological data were obtained from ERA5-Land (https://cds.climate.
copernicus.eu/). Population data were sourced from WorldPop
(https://www.worldpop.org/).  Administrative boundaries were
accessed via the Amap API (https://datav.aliyun.com/portal/). Socio-
economic and holiday data were derived from provincial/city statistical
yearbooks and the official website of the General Office of the State
Council of China. COVID-19 stringency index data were obtained from
the Oxford COVID-19 Government Response Tracker (https://www.bsg.
ox.ac.uk/research/covid-19-government-response-tracker). Researchers
may contact the corresponding author for any inquiries regarding data
access or clarification.
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