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Mitigating urban‒rural disparities in humid-
heat risks in China

Chuwei Liu1, Siyu Chen 1 , Jianping Huang 1, Xuhui Lee 2, Chao Zhang1,
Keer Zhang 2, Lulu Lian1, Yunchao Jiang3, Xingxing Tu3, Nan Yin3,
Runbin Zhang3 & Danfeng Wang1

Global warming is intensifying compound humid-heat threats, yet long-term
risk assessments accounting for urban‒rural disparities remain scarce. In this
study, we develop a comprehensive risk assessment framework by integrating
the Intergovernmental Panel on Climate Change risk approach with indicators
from the United Nations Sustainable Development Goals related to humid-
heat mitigation and adaptation. Applying this framework to China from 2001
to 2020, we find that sustainable development progress substantially reduces
vulnerability, particularly in urban areas, leading to a decline in humid-heat
risk. In contrast, rural areas show a slower vulnerability reduction compared to
urban areas and show no statistically significant change in humid-heat risk,
despite a narrowing urban-rural risk gap. Regional disparities in sustainable
development are key drivers of risk heterogeneity in both urban and rural
settings. Our findings underscore the urgency of coordinated urban-rural
development to simultaneously advance sustainable development and climate
adaptation.

Global warming is exacerbating thermal extremes across the globe,
which poses severe threats to human health1. The combined effects of
high temperature and humidity present particularly severe risks, as
they critically impair the human body’s ability to regulate its tem-
perature through evaporative cooling2. Humid-heat, quantified bywet-
bulb temperature (Tw), has already reached or exceeded 35 °C in some
coastal subtropical locations, a threshold approaching the limits of
human survivability3. East Asia has experienced particularly significant
increases in humid-heat. Between 2001 and 2020, 91.5% of meteor-
ological sites in the Northern Hemisphere recorded humid heatwaves
that started earlier or ended later compared to 1981–2000period,with
East Asia and Southeast Asia being especially affected4. In East Asia,
these humid heatwaves are projected to begin as early as March and
extend into October4.

Extreme humid-heat represents one of the most dangerous nat-
ural hazards, having caused tens of thousands of fatalities in several
extreme events so far this century5,6. The impacts of these events

extend far beyond immediate mortality, manifesting as systemic
societal impacts. Extreme humid-heat causes serious labor losses7,8.
Impaired cognitive and physical performance across various sectors
currently results in over 650 billion hours of annual labor losses
globally8. These productivity declines translate into substantial eco-
nomic burdens, with estimated annual global costs reaching 2.1 trillion
(in 2017 purchasing power parity-adjusted international dollars) due to
humid-heat-induced workforce incapacitation8. By the mid- to late-
century, global population exposure todeadly humid-heat is projected
to increase by a factor of five to ten9, with densely populated regions
possessing less developed infrastructures likely to bear a dispropor-
tionate share of this burden9,10.

While numerous heat risk assessments have been conducted
across countries of different income levels11–13 as defined by the World
Bank based on the Gross National Income per capita in 202414, they
have largely focused on extreme temperatures while neglecting the
synergistic effects of humidity. Moreover, research on humid-heat risk
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remains limited, especially regarding differences between urban and
rural areas. The role of urban and rural vulnerability in extremehumid-
heat events has not been sufficiently examined.

Under the dual pressures of global warming and increasing
human activities, China is facing growing humid-heat risks. Over the
past 60 years, the average summer Tw has increased by 0.21 °C per
decade15, exposing large populations to hazardous humid-heat. Rapid
urbanization has further intensified the spatial differentiation of these
risks. Between 2010 and 2020, China’s urbanization rate increased
from 49.7% to 63.9%16. This rapid land-use transformation has trig-
gered coupled effects of urban heat island and dry island17–19. In
response, China has implemented extensive measures to mitigate the
negative impacts of rapid climate change, including poverty eradica-
tion, improved healthcare, infrastructure strengthening, and
enhanced monitoring and early warning systems20,21. Nonetheless,
substantial disparities in social development persist between urban
and rural regions across China. These gaps directly influence residents’
capacity to dealwith humid-heat, adding complexity to the assessment
of such risks nationwide.

There is a need to develop a refined humid-heat risk assessment
framework capable of accurately capturing the differences in risk
between urban and rural areas in China. It would inform the formula-
tion of health protection strategies and the advancement of climate-
adaptive development. To formulate and implement targeted policies
that enhance climate resilience and safeguard human health, the fol-
lowing questions must be addressed: What are the key disparities in
humid-heat hazards, population exposure and social vulnerability
betweenurbanand rural areas?HowhaveChina’s policies, alignedwith
the United Nations Sustainable Development Goals (SDGs), influenced
humid-heat risks in these contexts? What are the spatiotemporal pat-
terns of humid-heat risk in urban and rural China over the past two
decades?

In this study, we investigate the spatiotemporal evolution of
extremehumid-heat events acrossChina from2001 to 2020andassess
the associated integrated risks in both urban and rural regions. By
adopting the risk assessment framework established by the Inter-
governmental Panel on Climate Change (IPCC) and augmenting it with
key SDGs indicators related to humid-heat mitigation and adaptation,
we account for hazard, vulnerability, and exposure, with particular
emphasis on the crucial role of adaptive capacity in mitigating these
risks. Furthermore, we investigate the temporal trends and spatial
heterogeneity of humid-heat risks, highlighting how divergent sus-
tainable development pathways influence the urban-rural disparities in
risk profiles. Thiswork provides a scientific foundation for formulating
coordinated urban-rural sustainable development strategies aimed at
alleviating climate risks against the backdrop of global warming.

Results
Significant increase in wet-bulb temperature
China experienced a marked rise in Tw from 2001 to 2020 (Fig. 1a),
driven by combined increases in temperature and vapor pressure. This
rising trend is modulated by multiple factors, such as climatic and
anthropogenic influences22,23, leading to severe population exposure.
Using a hazardous Tw threshold of 27 °C24,25, we found that nearly half
of the urban population and one-third of rural residents were exposed
to humid-heat hazards during the summer over the past two decades
(Supplementary Fig. 1). Notably, temperate and continental climate
zones (Supplementary Fig. 2) showed the most pronounced Tw

increases, reaching 0.27 °C per decade (Fig. 1b), with accelerated
warming observed between 2016 and 2020 (Supplementary Fig. 3).
Tropical climate zone recorded the highest Tw, followed by temperate
climate zone (Supplementary Fig. 3a). The majority of these regions
are strongly influenced by the East Asian monsoon, which transports
substantial moisture26,27 and is a key driver of the higher Tw compared
to other climate zones. With the exception of arid climate zone,

temperatures in all other climate zones increased significantly. In
temperate climate zone, Tw increase resulted from the combined
effects of rising temperature and vapor pressure (Supplementary
Fig. 4). Urban areas exhibited significantly higher Tw than rural regions,
particularly in temperate and continental climate zones, where urban-
rural differences reached 2.9 °C and 2.7 °C, respectively (Supplemen-
tary Fig. 5). In highly urbanized areas, factors such as reduced vege-
tation, increased impermeable surfaces, and higher anthropogenic
heat emissions are observed28–30, which contribute to localized
warming.

The variation of Tw percentiles exhibited distinct features. Urban
areas exhibited higher values compared to rural areas across the entire
distribution, from the lower to the upper percentiles (Fig. 1c and d). In
both urban and rural China, the 90th and 70th percentiles of Tw were
concentrated primarily in southern China. Urban Tw increased by
0.33 °C and 0.25 °C per decade, respectively, compared to corre-
sponding rural increases of 0.30 °C and 0.18 °C (Fig. 1e), reflecting a
heightened susceptibility of urban areas to extreme humid-heat
events. Conversely, rural areas experienced a more rapid increase in
medianTw (0.31 °C per decade at the 50th percentile) than urban areas
(0.11 °C per decade; Fig. 1e). This divergence was most pronounced
along the Hu Huanyong Line (Supplementary Fig. 6), where slower
urbanization and weaker anthropogenic thermal influences moder-
ated temperature changes. The increase in rural Tw was primarily dri-
ven by a rapid increase in vapor pressure (Supplementary Fig. 7a). This
rise may be related to expanded vegetation cover (Supplementary
Fig. 7b), which played a crucial factor in regulating local climate con-
ditions. At lower percentiles (30th and 10th), the lower baseline tem-
peratures constrained the potential for vapor pressure increases,
thereby narrowing urban-rural differences in Tw trends.

Declining urban vulnerability reducing urban-rural risk gap
Humid-heat risk across China was assessed using a humid-heat risk
index (HHRI; Fig. 2a). The HHRI is composed of three component
indices (Fig. 2b–d; see Methods): the hazard index (HI), which quan-
tifies humid-heat severity based on the number of days exceeding the
Tw threshold (27 ℃); the vulnerability index (VI), derived from SDG
indicators for humid-heatmitigation and adaptation; and the exposure
index (EI), representing population exposure. The results reveal pro-
nounced spatial-temporal divergence between urban and rural China.
Although urban regions generally faced higher risks (Fig. 2a), urban-
rural HHRI disparities narrowed significantly in 68.2% of Chinese
regions between 2001 and 2020 (Fig. 3a–d). High-risk urban areaswere
concentrated in the middle-lower Yangtze River basin and South
China, whereas high-risk rural areas extended further northwards into
Shandong, collectively forming persistent risk belts across eastern
China (Supplementary Fig. 8).

To analyze the risk components, regions with HHRI, HI, VI, and EI
values in the top 25%of their overall distributionswere defined ashigh-
HHRI, high-HI, high-VI, and high-EI, respectively. Between 2001 and
2020, the proportion of urban areas with high-HHRI decreased sig-
nificantly from 44.9% to 26.5% (Fig. 3a). Conversely, the proportion of
high-HHRI rural areas increased from 5.8% to 11.3% (Fig. 3b). The most
notable narrowing of the urban-rural HHRI gap occurred in central and
eastern China, especially in the temperate climate zone of Hunan
province, where the disparity decreased at a rate of 0.06 per decade
(Fig. 3c and d). However, South China experienced similar increases in
HHRI in both urban and rural areas (Fig. 3a, b), resulting in no sig-
nificant reduction in the urban-rural gap (Fig. 3c and d).

The urban-rural HHRI gap narrowed primarily due to amore rapid
decline in urban vulnerability. The urban VI decreased at a rate of 0.31
per decade, which was faster than the rural decline of 0.20 per decade
(Fig. 2b). This indicated that areas with high-VI were eliminated in
urban areas of central and western provinces (e.g., Henan, Guizhou,
and Ningxia) after 2011 (Fig. 3e). Through sustainable development

Article https://doi.org/10.1038/s41467-025-67558-y

Nature Communications |          (2026) 17:850 2

www.nature.com/naturecommunications


efforts, rural areas reduced the coverageof high-VI from75% in 2001 to
nearly zero (Fig. 3f). Nevertheless, systematically building resilience
was hindered by their slower economic growth compared to urban
areas and an aging population31, which consequently led to a sig-
nificant widening of the urban-rural VI gaps across 79.5% of regions in
China (Supplementary Fig. 9). Notably, HHRI patterns differed across
climatic zones within the same province. For example, Sichuan’s
temperate zone exhibited a substantially higher HHRI than the con-
tinental zone, particularly in urban areas, with a 20-year average dif-
ference of 0.09 (Fig. 3a).

The widening of China’s urban-rural VI gap is reflected in the
disparities observed in humid-heat-related SDGs (Supplementary
Fig. 10a). Specifically, urban areas demonstrated stronger per-
formance in SDG1 (No Poverty; Supplementary Fig. 10b) and SDG3
(Good Health and Well-Being; Supplementary Fig. 10c), whereas
rural areas showed comparative advantage in SDG12 (Responsible

Consumption and Production; Supplementary Fig. 10d) and
SDG13 (Climate Action; Supplementary Fig. 10e). Notably, the
urban-rural gap in SDG1 continued to widen at an annual rate of
3.9%, underscoring deepening disparities in access to economic
opportunities. Meanwhile, urban areas consistently outperformed
rural areas in SDG3 attainment. This disparity stemmed mainly
from the higher proportion of vulnerable populations in rural
areas, where population aging remains a key bottleneck to
achieving this goal (Supplementary Fig. 11). These spatial differ-
ences highlight distinct transformation paths. Urban vulnerability
reduction is driven by rapid economic development and
improved healthcare, while rural areas show unique advantages in
sustainable production and climate adaptation practices.

Despite improvements in urban VI, increases in heat hazard
(HI, rising by 0.20 per decade) and population exposure (EI,
increasing by 0.08 per decade) impeded further decline in HHRI
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(Fig. 2c and d). From 2001 to 2020, 52% of urban areas experi-
enced high-HI, and 64% experienced high-EI, either as single or
compound risk patterns. These areas were mainly concentrated in
eastern coastal (e.g., Shanghai and Zhejiang) and central (e.g.,
Hunan and Jiangxi) regions (Fig. 3e), spatially coinciding with the
expansion of urban heat islands and population aggregation. In
urban areas across central, eastern coastal, and southern China,
the dominant risk pattern began as a compound of high-HI and
high-EI, transitioned through a single high-EI phase, before
returning to a compound state (Fig. 3e), due to the fluctuations in
HI and the continuous increase in EI (Supplementary Fig. 12).
Additionally, urban areas in the continental climate zone of Jilin
and Gansu, as well as the temperate zone of Shaanxi, consistently
exhibited a high-EI risk pattern over 20 years, while other climate
zones within these provinces did not (Fig. 3e), reflecting uneven
population distribution in these regions. Although rural areas
largely avoided high-EI (Fig. 3f), approximately 38% of rural
regions were exposed to high-HI threats, either as single or
compound risks, during 2001–2020.

This spatial heterogeneity reflects the differences in the risk reg-
ulation pathways of urban and rural China. Urban areas intensify
heat exposure and environmental stress due to high-intensity
human activities, but reduce vulnerability through infrastructure
improvement to lower the risk. Rural areas require enhanced vulner-
ability reduction to bolster resilience against growing climate
pressures.

Spatial risk heterogeneity driven by development disparities
Research on the heterogeneity of sustainable development and its
impact on humid-heat risks provides critical insights for mitigating
humid-heat risks and understanding the complex drivers of spatio-
temporal urban-rural risk disparities across diverse climatic zones. We
defined regions with high-HHRI as extremely high humid-heat risk
areas (EHHRA), visualized spatially in Supplementary Fig. 13. EHHRA
were stratifiedby recent composite SDG scores into high (30%; defined
as High-SDGS), medium (40%; defined asMiddle-SDGS), and low (30%;
defined as Low-SDGS) sustainability groups. Our analysis focused on
the interplay of key factors: economic development (reflected in
SDG1), indicative of the material capacity to adapt to humid-heat
conditions; health and well-being (reflected in SDG3), as better
healthcare and a population less vulnerable to humid-heat stress are
more resilient; sustainable resource use (reflected in SDG12), pro-
moting green development; and climate action (reflected in SDG13),
enabling proactive mitigation. We further explored how humid-heat
risk changed in regions with different sustainable development under
the influence of these factors in both urban and rural EHHRA.

In urban EHHRA, generally, regions with high SDG scores exhib-
ited lower HHRI, particularly within continental and temperate climate
zones (Fig. 4a). For instance, in continental climate zone, High-SDGS
regions such as Beijing, Tianjin, and several northern provincial capi-
tals (Supplementary Fig. 13) demonstrated higher EI values than other
regions (Fig. 4a). However, these regions showed stronger perfor-
mance in poverty eradication, as reflected in SDG1 (Supplementary
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Fig. 14), effectively mitigating risk accumulation in high-exposure
environments. Their HHRI values remained lower than those observed
in Middle- and Low-SDGS regions (Fig. 4a). In urban areas, HHRI
declined by 0.02–0.05 per decade in High-SDGS regions. In contrast,
Middle- and Low-SDGS regions exhibited a more modest decline (e.g.,

northernHebei, southernGansu, and some regions in central China, as
shown in SupplementaryFig. 13) (Fig. 4c–f). Consequently,Middle- and
Low-SDGS regions exhibited 10% and 11% highermeanHHRI relative to
High-SDGS regions across urban EHHRA. Notably in arid and tropical
zones, HHRI spatial differentiation was driven by HI disparities.
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Fig. 4 | Urban and rural humid-heat risk index (HHRI), vulnerability index (VI),
hazard index (HI) and exposure index (EI) of extremely high humid-heat risk
area (EHHRA) and urban-rural difference (urban value minus rural value).
a HHRI (Y-axis), HI (shape size), and EI (color) values for regions with high (High-
SDGS), middle (Middle-SDGS), and low (Low-SDGS) SDG scores across different

climatic zones in urban areas. b The same as panel a, but for rural areas. c–f Trends
of HHRI in arid, continental, temperate, and tropical climatic zones, showing urban
areas (red bars), rural areas (blue bars) and urban-rural differences (black bars).
g–j Trends of VI in the above climatic zones. k–n Trends of HI in the above climatic
zones. o–r Trends of EI in the above climatic zones.
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Specifically, in arid zones, HI in Middle-SDGS regions exceeded that in
High- and Low-SDGS regions by 56% and 19%, respectively. Similarly, in
tropical zones, it exceeded the other two groups by 31% and 15%,
respectively. This uneven distribution of HI resulted in the highest
HHRI value in the Middle-SDGS region in these two climate
zones (Fig. 4a).

In rural EHHRA, Middle-SDGS regions exhibited the highest HHRI
values. Specifically, HHRI values in these regions were 7%–28% and
2%–35% higher than in High- and Low-SDGS regions, respectively
(Fig. 4b). This is due to the fact that High-SDGS regions maintained
lower VI, driven by higher social development, resulting in lower HHRI.
In contrast, Low-SDGS regions,with slower population growth, had the
lowest EI (Fig. 4b), effectively reducing HHRI. Middle-SDGS regions
lacked the sustainable development advantages of High-SDGS regions
and faced higher EI and HI than Low-SDGS regions, leading to the
highest HHRI values (Fig. 4b). These areas were constrained by lagging
social development and population issues, while facing growing
humid-heat hazards, resulting in significantly higher HHRI compared
to other regions. This highlights the need for more focused policy
intervention and resource allocation in these areas.

In addition, rural VI in High-SDGS regions declined faster than in
other regions, with a decline across the four climate zones that was
2–25% and 10–34% higher than in Middle- and Low-SDGS regions,
respectively, leading to smaller urban-rural differences in the rate of VI
decline (Fig. 4g–j). This indicated more balanced urban-rural develop-
ment in High-SDGS regions, helping to mitigate the increase in humid-
heat risk. For High-SDGS regions in arid and continental climate zones,
such as Beijing, Tianjin, and several provincial capitals (e.g., Xi’an in
Shaanxi province and Shijiazhuang in Hebei province; see Supplemen-
tary Fig. 13), urban-rural coordination was particularly effective, with
rural VI declining more than urban VI (Fig. 4g and h). However, rural
areas in High- and Middle-SDGS regions generally exhibited faster HI
growth than those in Low-SDGS regions (Fig. 4k–n), while High-SDGS
regions also experienced rapid increases in urban EI (Fig. 4o–r). These
combined trends pose new challenges for risk management.

Discussion
To reveal the differences in urban-rural humid-heat risks and their
driving factors inChina, this study developed an assessment framework
of HHRI that integrated the IPCC risk assessment approach with loca-
lized SDG indicators. Through this framework, we systematically
examined how the humid-heat hazard, social vulnerability and popu-
lation exposure in urban and rural areas evolved and jointly influenced
the spatiotemporal variations in comprehensive humid-heat risk across
different regions. It investigatedmitigation and adaptation capabilities,
with a focus on how inter-regional differences in sustainable develop-
ment shaped social vulnerability, and how social vulnerability drove
HHRI variation. Overall, advancements in sustainable development in
China effectively reduced urban vulnerability, against the backdrop of
increases in both humid-heat hazards and population exposure, leading
to an overall decline in HHRI in urban areas. However, the decrease in
rural vulnerability was less pronounced than in urban areas, with no
significant reduction in HHRI. This result highlights the urgent need for
coordinated urban-rural development and provides scientific insights
for the global efforts to address climate risks.

The urban outcomes provide a key reference, demonstrating that
while improved social adaptation with sustainable development does
not completely eliminate HHRI, it can create conditions that sig-
nificantly reduce it by enabling residents to better cope with humid-
heat stress. Despite progress in reducing vulnerability, a major chal-
lenge persists in urban areas in the form of simultaneously rising
hazards and exposure. With urbanization, the concentration of
population in urban areas increases exposure risks, while intensified
human activities also exacerbate heat hazards32–34. For rural areas,
prioritizing vulnerability reduction is the key to lowering HHRI.

Specifically, lower economic growth andmore severe aging compared
to urban areas are the main limitations to the reduction of vulner-
ability, which also represent the main challenges in rural sustainable
development.

Significant differences in climate conditions and sustainable
development exist across regions in China, leading to notable spatial
heterogeneity in humid-heat risks. Central China, the southeastern
coastal regions, and South China are primarily located in temperate
climate zone. These areas are highly urbanized, densely populated35,
and serve as key drivers of China’s economic development36. However,
they also represent critical areas for humid-heat risks. Effective man-
agement of risks in these regions is of utmost importance. Northwest
China, including provinces such as Shaanxi, Ningxia, and Gansu,
should also be of concern. These areas are characterized by higher
social vulnerability, indicating lower risk adaptation capacities com-
pared to other regions. It is crucial to prioritize measures, such as
strengthening infrastructure, improving social services, and enhancing
emergency response capabilities, to better equip them for copingwith
extremeclimate events. Regardless of climate conditions, rural areas in
High-SDGS regions showed more significant VI declines, suggesting
more balanced urban-rural development in these areas, which helped
mitigate the negative impacts of extreme humid-heat.

In summary, this contributes to a comprehensive and detailed
understanding of the variations and long-termevolution in humid-heat
risks across urban and rural areas in China, within the context of dif-
ferences in sustainable development. Additionally, it offers insights for
rapidly urbanizing countries facing similar challenges in balancing
climate change and development. Achieving balanced urban-rural
development and jointly reducing climate risks calls for a dual strategy.
This strategy involves revitalizing rural economies and demographic
revitalization, while optimizing urban spatial structures to mitigate
population exposure and the urban heat island effect.

This paper has the following limitations. First, the assessment
framework does not fully include micro-social factors, such as com-
munity governance capacity and individual behavioral differences,
potentially underestimating the adaptive potential of local areas.
Additionally, the urban-rural division, based on Moderate Resolution
Imaging Spectroradiometer (MODIS) retrievals, with a resolution of
500m,might not fully capture the complexity of urban-rural transition
zones. In these zones, the complexity of mixed land use contributes to
a more diverse and variable microclimate. Moreover, in our study, we
assigned equal weights to HI, VI and EI to maintain neutrality and
balance. Since these three belong to different, incomparable dimen-
sions, equal weighting prevents anyone factor from being over-
emphasized, thusmaintaining fairness in themodel. Maintaining equal
weighting in interdisciplinary research ensures a unified framework,
preventing misunderstandings from subjective differences in weight
assignment. Future research may explore adaptive weighting strate-
gies to further refine risk assessments.

Methods
Calculation of the wet-bulb temperature
The wet-bulb temperature describes the combined effects of tem-
perature and humidity and has been established as an effective com-
prehensive indicator reflecting heat stress and extreme heat15,24. It is
based on the balance between the latent heat of wet-bulb evaporation
and the sensible heat from the environment. The formula for calcu-
lating the wet-bulb temperature24 is given by Eq. (1):

Tw =T +
e
γ
� e*sðTwÞ

γ
, ð1Þ

where Tw and T are wet-bulb temperature and air temperature,
respectively, e and e*s are actual and saturation vapor pressure,
respectively, and γ is the humidity constant, which depends on air
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pressure and temperature. The numerical methods provided in the R
package Bigleaf were employed to solve for Tw37.

The meteorological observation data were sourced from the
Resource and Environmental Science Data Platform, managed by the
Institute of Geographic Sciences and Natural Resources Research,
Chinese Academy of Sciences. We ensured the station’s stable pre-
sence in urban or rural areas with continuous observational data from
2001 to 2020. Such stable stations, defined as those with consistent
observations over 20 years and always located within urban or rural
regions, were utilized to calculate the temporal variations of Tw in
China, aswell as the 20-year trends ofTw at each station. This approach
also helped to capture themost representative climatic characteristics
of urban and rural areas. To ensure the reliability of the data, stations
with fewer than 27 observed days per month, which account for less
than 90% of the total observation days, were excluded from the ana-
lysis. The 3σ criterion, a common statistical method for outlier
detection38,39, was initially applied for identifying suspicious data, fol-
lowed by verification. These observation stations only cover mainland
China, so our study is also limited to mainland China.

Building upon previous work40, the annual land cover type data
(MCD12Q1 v061) from the MODIS satellite retrievals (https://lpdaac.
usgs.gov/products/mcd12q1v061/) from 2001 to 2020 with 500m
spatial resolution were employed to delineate urban and rural areas.
The land use classification followed the International Geosphere-
Biosphere Programme (IGBP) land cover classification scheme. Pixels
classified as urban and built-up areas in the IGBP scheme were defined
as urban zones. To accurately capture population exposure to humid-
heat risks, rural areas were designated as non-urban regions excluding
three uninhabited land types: water bodies, permanent snow and ice,
andbarren. In addition, theKöppen climate classificationwas employed
to delineate China’s climate zones. Using the classification map for
1991–202041, China was categorized into tropical, arid, temperate,
continental, and highland climate zones (Supplementary Fig. 2).

Selection of sustainable development goals and scoring
calculation
Weselected 4 SDGs closely related to the response to humid-heat from
among the 17 SDGs: SDG1 (No Poverty), SDG3 (Good Health and Well-
Being), SDG12 (Responsible Consumption and Production) and SDG13
(Climate Action). Based on these 4 SDGs, we selected 8 social-
ecological indicators for China’s specific context (Supplementary
Table 1). The value of each social-ecological indicator was normalized
to a standard range (0-100), with a higher normalized value indicating
better performance42. The normalized individual scores for positive
and negative social-ecological indicators (Supplementary Table 1)
were calculated by Eq. (2) and Eq. (3), respectively:

X 0 =
X �MINX

MAXX �MINX
× 100, ð2Þ

X 0 =
MAXX � X

MAXX �MINX
× 100, ð3Þ

whereX’ is the normalized individual score for a given social-ecological
indicator, X is the original value of the social-ecological indicator, and
MINX and MAXX are the minimum and maximum values of the social-
ecological indicators, respectively.

The score of each SDG was calculated as the average of the nor-
malized individual scores of its corresponding indicators. Additionally,
we computed the average score across the 4SDGs.We summarized the
annual values of urban and rural areas in mainland China from 2001 to
2020, reflecting the dynamic changes in sustainable development. In
stratifying the EHHRA regions into High-, Middle-, and Low- SDGs
groups, the composite SDG scores from the past few years
(2018–2020)wereused tobetter reflect the current level of sustainable

development in each region. For details on the indicators and data
sources that constituted the SDGs, refer to Supplementary Table 1.

Humid-heat risk assessment
The risk assessment framework draws on previous work assessing
climate risks12,43. A framework for risk assessment in which risk is a
function of hazard, exposure, and vulnerability was provided by the
IPCC in its Fifth Assessment Report (AR5)44. Hazard refers to a physical
event or phenomenon thatmay cause damage44. Vulnerability refers to
the susceptibility and ability of a system, community or individual to
respond to hazards due to physical, social, economic and environ-
mental factors44. Exposure refers to the presence and location of
humans or other affected objects (such as ecosystems, physical assets,
etc.) in front of danger44. The higher the exposure, the greater the
frequency and intensity of the hazards.

Basedon the frameworkofAR5,we selected indicators to evaluate
risks from three aspects: hazard, vulnerability, and exposure. In our
work, they represent the severity of the humid-heat, the ability to
adapt to and copewith thehumid-heat, and the population’s exposure,
respectively. We calculated the HI, VI and EI of humid-heat to quantify
the risks in these three aspects. Based on the three aspects mentioned
above, we carried out assessments of humid-heat risks from 2001 to
2020, separately at the national and regional levels in mainland China,
and distinguished urban and rural areas.

The risk assessment framework in our work combined the IPCC
AR5 risk assessment framework with localized SDG indicators, and
established a comprehensive evaluation system that covered climatic,
socioeconomic, and policy dimensions. The HHRI is defined as a
composite metric derived from the product function of three funda-
mental components: HI, VI and EI. Compared with the additive prin-
ciple, the multiplicative principle can better reflect the nonlinear
interactions among system components43, reflecting the compound-
ing effects of humid-heat stressors. The HHRI is calculated by Eq. (4):

HHRI =
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

HI ×VI × EI3
p

: ð4Þ

Calculation of hazard index, vulnerability index and
exposure index
A threshold of 27 °C was used24,25, and if the daily Tw reached or
exceeded this value, the day was considered to experience humid-heat
hazards. The cumulative number of area-weighted hazard days during
the summer in the target region is used to characterize the humid-heat
hazards.

We overlaid the tertiary-level of the Köppen classification with
prefecture-level cities to obtain detailed zoning. For urban areas (C-
CUs) and rural areas (C-CRs) with observation stations of the detailed
zone, we calculated their daily average Tw. The number of summer
hazardous humid-heat days (Nhazardous) for urban or rural areas was
calculated by area-weighted averaging, with C-CU (or C-CR) as the
basic unit. The formula is given by Eq. (5):

Nhazardous =

Pm
i= 1ðdi

ni
×92 ×AiÞ

Pm
i = 1Ai

, ð5Þ

where di, ni and Ai are the number of days with hazardous humid-heat,
the number of days with observations in the summer (June to August)
and the area of the i-th C-CU (or C-CR) within the target region,
respectively. i ranges from 1 tom, and there arem C-CUs (or C-CRs) in
the target region. This equation incorporates area as aweighting factor
to reflect the spatial distribution of different regions, ensuring that
larger areas contribute proportionately more to the aggregated
results. The weighting mechanism allows for a more accurate
representation of risk at larger scales, making the results reflective of
the true geographical distribution in urban and rural areas.
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HI, VI and EI were calculated by Eq. (6):

Y 0 =0:05+
Y �MINY

MAXY �MINY
× ð0:95� 0:05Þ, ð6Þ

where Y’ is the normalized result, that is, HI, VI or EI. Y is the original
value of the above three risks (for example, for HI, it is the number of
summer hazardous humid-heat days). MINY and MAXY are the
minimum and maximum values of the original value, respectively. To
avoid the mixing of zero values, which would confuse the calculation
of subsequent comprehensive risks of hazards, vulnerability, and
exposure, normalization was carried out in the range of 0.05–0.95,
following approaches used in previous studies43.

Vulnerability is a function of sensitivity and adaptability12,44. In this
work, we selected 8 social-ecological indicators to measure vulner-
ability risk based on 4 SDGs closely related to the humid-heat response
(see Selection of sustainable development goals and scoring calcula-
tion). These indicators encompassed both sensitivity and capacity
aspects (Supplementary Table 1). Principal component analysis (PCA)
provides an empirical solution for capturing collinearity among vari-
ables through dimensionality reduction and has been widely used in
multifactor assessments45. It is an exploratory technique that is well
suited to the quantitative analysis of the data used in this study,
whereas other nonlinear methods applied to such data were
overparameterized45. In this work, the PCA method was used for
assessment of vulnerability risk.

The greater the value of the sensitivity indicator, the weaker the
residents’ ability to cope with humid-heat risk, indicating stronger
vulnerability, while the greater the value of the capacity index, the
weaker the vulnerability. Therefore, the sensitivity and capacity indi-
cators were used as positive and negative indicators for vulnerability,
respectively. Negative indicators were transformed to align with a
positive direction. Each factor was subjected to Z-score standardiza-
tion. We performed PCA and tested the significance of the PCA
dimensions with the R package psych (https://rdocumentation.org/
packages/psych/versions/2.3.3) and PCAtest46, extracting components
thatwere significant at the 0.05 level. The PCA results were normalized
with Eq. (6) to obtain the VI.

Exposure refers to people, livelihoods, or economic assets in
areas where disasters are likely to occur12. Exposure measures vary
depending on the focus and objectives of the study. We focused on
the risks faced by the population, so we characterized exposure risk
using population density. The population data were sourced from
WorldPop (https://doi.org/10.5258/SOTON/WP00654). Population
density was calculated by dividing the total population of the target
region by its land area. It was normalized using Eq. (6) to
obtain the EI.

Data availability
The sources of all the data used are acknowledged in theMethods and
Supplementary Table 1. The data underlying the analyses in this study
are deposited in the Zenodo repository under https://doi.org/10.5281/
zenodo.17493294.

Code availability
In this study, panel a of Fig. 1 was generated using the open-source
programming languages R. The code is available at the Zenodo repo-
sitory (https://doi.org/10.5281/zenodo.17493294). All other figures
were created directly using OriginPro software without the involve-
ment of programming code. The data used for these figures can be
found in the Data availability section.
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