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Heat health assessment and risk
simulation prediction in eastern
China: a geospatial analysis

Ming Li** and Jiaying Xu?

!School of Public Health, Jilin University, Changchun, China, 2The Second Hospital of Dalian Medical
University, Dalian, China

Background: High temperatures pose significant health risks and societal
challenges in China, with spatial variations in heat health risks. Furthermore, due
to the constraint imposed by heat health risk assessment on the construction of
the public health security framework, it is necessary to explore the heat health
risk pattern of spatial distribution and the trend of future risk development in
eastern China.

Methods: Based on the Intergovernmental Panel on Climate Change (IPCC) and
Risk Triangle framework which is combined with natural and socio-economic
factors, the heat health risk assessment index system of eastern China is
established in this paper. This paper enhances the accuracy of risk maps with
the aid of high-resolution imagery. It also focuses specifically on the exposure of
construction workers in urban areas and agricultural workers in rural areas. This
paper also evaluates the heat health risk of eastern China from 2010 to 2019 by
using ArcGlIS and the CA-Markov model.

Results: The heat health risk in most areas of eastern China is predominantly
highest risk, with the proportion of highest and medium risk areas increasing
steadily from 2010 to 2019. The spatial distribution pattern reveals that high-
risk areas are concentrated in the central urban areas, while low-risk areas are
primarily in the mountainous regions, suburbs, rural areas, and water source
areas. The conversion of heat health risk areas mainly occurs between adjacent
levels, with no mutation process. From 2010 to 2025, the heat health risk of
eastern China has been improving, and the overall distribution pattern of risk
levels remains consistent.

Conclusion: The research findings provide a basis for us to gain a deeper
understanding of the vulnerability of different groups. This study not only
presents spatial distribution maps of health risks, but offers a new perspective
for us to comprehend the complexity and diversity of these risks. The research
findings also establish a foundation for optimizing monitoring and warning
systems. Furthermore, this study provides scientific evidence for policymakers
to develop comprehensive heatwave mitigation plans. Nevertheless, we must
acknowledge the limitations of the research and recognize that there is room
for improvement in the future.

KEYWORDS

heat health risk, CA-Markov model, social vulnerability, urban heat, spatial-temporal
changes

01 frontiersin.org


https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org/journals/public-health#editorial-board
https://www.frontiersin.org/journals/public-health#editorial-board
https://www.frontiersin.org/journals/public-health#editorial-board
https://www.frontiersin.org/journals/public-health#editorial-board
https://doi.org/10.3389/fpubh.2025.1521997
http://crossmark.crossref.org/dialog/?doi=10.3389/fpubh.2025.1521997&domain=pdf&date_stamp=2025-03-07
mailto:l_m486912@163.com
https://doi.org/10.3389/fpubh.2025.1521997
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/articles/10.3389/fpubh.2025.1521997/full
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org

Li and Xu

1 Background

Since 1980s, the global area affected by heatwaves has tripled
compared to that in previous periods (1). A nationwide analysis
in the United States has shown that during heat waves, mortality
increases by 3.74%, with this effect being even more pronounced in
specific regions such as the Northeast and Midwest (2). Greenhouse
gas emissions have intensified heatwaves in Europe and North
America, and these events are projected to worsen in the future
(3). Moreover, the characteristics of heat waves—including their
intensity, duration, and timing within the season—significantly
influence their impact on health. For example, a 1°F increase in
heat wave intensity has been linked to a 2.49% increase in mortality
risk, while each additional day of a heat wave contributes to a
0.38% increase in risk (4). In one study, considering the impact
of a single heat wave, it was estimated that during three heat
waves in 2013, a total of 679 extra heat-related illnesses occurred,
relative to the average values for the corresponding periods in
previous years (5). However, the challenges posed by heat waves
are not static. Over the past few decades, many regions, particularly
in China, have experienced longer, stronger, and more frequent
heat waves. Northern China has witnessed dramatic increases in
intensity, while southern regions have seen significant lengthening
in duration (6). These trends are alarming and point to a future
where heat waves may become even more devastating to human
health. Additionally, urban areas experience heatwave worsening
due to the urban heat island (UHI) effect. The UHI effect not
only raises temperatures but also exacerbates the health impacts
of extreme heat conditions, leading to higher mortality rates in
urban areas (7). The heat island effect during a heatwave not
only raises ambient temperatures but also amplifies the disparity
between urban and rural temperatures (8), with UHI being more
pronounced at night (9). Urban centers with high population
densities exposed to the UHI effect face substantial health risks (10).

In response to the increasingly frequent extreme heat events,
heat health risk assessment has emerged as a research hotspot.
Current research has developed a comprehensive assessment
framework (11-14) that encompasses heat hazards, social
vulnerability, and population exposure (15-17). In past research,
detailed heat health risk assessments at the city level in the
Philippines were conducted. By integrating remote sensing
data with socio-ecological indicators, the aim was to provide
information to policymakers and urban planners about the most
vulnerable cities and to guide them in prioritizing adaptation
measures (18). Hu et al. (19) overcame the limitations of traditional
heat health risk assessments by using fine spatial scale data
to improve the accuracy and spatial resolution of risk maps.
Researchers have carried out a comprehensive spatial evaluation
of heat health risks in Hong Kong, utilizing Principal Component
Analysis (PCA) to categorize various indicators into meaningful
groups. Through this process, they have developed a highly
refined Heat-Related Health Risk Index (HHRI) (20). Other
researchers have conducted a systematic review and meta-analysis
of epidemiological evidence, focusing specifically on the impact
of increases and decreases in ambient temperature on mortality
and morbidity rates among individuals aged 65 and above. Their
objective was to quantify the risks associated with temperature
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changes across various health outcomes (21). Although studies
have begun to focus on vulnerable groups (22-25), research
that comprehensively considers all exposed populations and
develops mitigation measures based on their unique vulnerabilities
is still inadequate (26, 27). This has led to past research being
often constrained by region- and population-specific factors
when providing detailed recommendations. The accuracy of
population data is crucial for the effectiveness of assessments
(28), but current research is often limited by census data (29, 30)
and issues of uneven population distribution (31). Additionally,
existing research primarily focuses on current and past risks
(32-34), lacking spatial prediction methods for identifying future
heat risk areas. These methods are crucial for adaptive planning
and risk management at the spatial grid level, but they have not
yet been fully developed (18, 35). The Sixth Assessment Report
(ARG6) of the Intergovernmental Panel on Climate Change (IPCC)
provides a comprehensive update on climate change science (36),
while the Risk Triangle framework sheds light on various factors
contributing to risky behaviors, such as hazards, vulnerability,
and exposure (37). These factors can be more broadly applied
to understand and address risks associated with climate change.
Therefore, incorporating spatial prediction methods into heat
health risk assessments is expected to improve the effectiveness
and practicality of the assessments.

2 Study aim

To address the aforementioned research gaps, our objective
is to systematically assess the heat health risks in eastern
China and make predictions about future heat health risks. This
study covers a wide range of data from 2010, 2015, and 2019,
encompassing socio-economic, remote sensing, health resources,
vulnerable groups, and natural resources. In terms of methodology,
this study employed PCA to determine the weight of each
indicator. Additionally, the CA-Markov model was utilized for
simulating and predicting heat health risks. Exploring health
risk zoning will provide a basis for policy-making and promote
sustainable development.

3 Material and methods
3.1 Study area

Eastern China (Figure 1), covering Jiangsu, Shanghai,
and Zhejiang, is located at longitudes 116°18'-123°10'E and
latitudes 27°02’-35°20'N. It has a total area of ~219,000 km?
and resident population of ~170 million. Eastern China is
characterized by several factors that collectively increased
heat health risk. Firstly, it has a highly developed economy
with rapid development. Secondly, it has an extremely high
population density, accompanied by a concentrated population
distribution. Thirdly, it shows a high level of urbanization,
which leads to a significant urban heat island effect. Lastly,
its coastal location makes it susceptible to the influence of the
marine climate.
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FIGURE 1
Geographical location of the eastern China.

3.2 Data source

In order to explore the heat health risk pattern of eastern China
in recent years, considering the availability of data and referring
to previous related studies, this paper selected 2010-2019 as the
research period, and 2010, 2015 and 2019 were selected as the
time nodes to collect and analyze the data of these three periods
and reflect the heat health risk pattern of eastern China in the
last years. The data used in this study (Table 1) cover the socio-
economic, remote sensing, health resources, vulnerable groups and
natural resources data in 2010, 2015 and 2019. The normalized
difference vegetation index (NDVI), land surface temperature
(LST), gross national product (GDP) and population density data
are derived from the Resource and Environmental Science Data
Center of the Chinese Academy of Sciences. The elevation data is
from the geospatial data cloud (GSclould) and is 90 m resolution
digital elevation product data. The disposable income, physicians,
hospital beds, older adults and female populations, water resources,
unemployment rate and agricultural and construction practitioner
data are obtained from the statistical yearbook of eastern China and
in ArcGIS10.7, with a resolution of 1 km.

The original data are projected into the same coordinate system
(WGS_1984) through ArcGIS10.7 and are unified into the same
spatial boundary that equals the boundary of the research area by
cutting. The above process of data preprocessing was carried out
in ArcGIS 10.7. Finally, the data are resampled to the same spatial
resolution of 1 km x 1km by means of nearest neighbor.
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3.3 Assessment framework

In this study, based on the IPCC AR6 and the risk triangle
framework, 13 indicators of different types were selected for hazard,
vulnerability and exposure (Table 1). At the hazard level of this
study, nighttime LST was selected to reflect the heat hazard (38).
In terms of vulnerability, this study selects physicians, hospital
beds, older adults and female populations, and unemployment
rate, which can represent vulnerable groups. GDP and disposable
income accurately reflect level of socio-economic development.
Besides, physicians and hospital beds were also considered to
reflect the accessibility of health resources. At the exposure level,
population density, agricultural and construction practitioners are
selected to reflect the heat exposure intensity of human. NDVI and
water resources can reflect the resistance level to exposure. Figure 2
illustrates the entire process of the study framework.

3.4 Statistical analyses and indicators

PCA integrates multiple indicators into a few principal
components through dimensionality reduction, and determines the
weight of each indicator based on the variance contribution rate of
each principal component (20). In this study, the weights of each
indicator are calculated based on the variance contribution rate and
loading of each principal component. Finally, the weight values of
each indicator are obtained through normalization processing. On
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TABLE 1 Heat health risk assessment indicators.

Factor category Indicator Unit Source Attribute  Spatial resolution
Heat hazard LST °C http://www.resdc.cn/ + 1KM
Social vulnerability GDP (SV1) Yuan http://www.resdc.cn/ - 1KM
Disposable income (SV2) Yuan Zhejiang Statistical Yearbook - 1KM
Jiangsu Statistical Yearbook
Physicians (SV3) Man Shanghai Statistical Yearbook - 1KM
SV2-7
Hospital beds (SV4) Individual ( ) - 1KM
Older adults (SV5) % + 1KM
Female (SV6) % + 1KM
Unemployment (SV7) % + 1KM
Human exposure NDVI (EX1) / http://www.resdc.cn/ - 1KM
(EX1-2)
Population density (EX2) Man/m? + 1KM
Water resources (EX3) m? Zhejiang Statistical Yearbook - 1KM
Jiangsu Statistical Yearbook
Agricultural practitioners (EX4) % Shanghai Statistical Yearbook + 1KM
. . (EX3-5)
Construction practitioners (EX5) % + 1KM

« »

“+” means positive action; “~” means reverse action.

FIGURE 2
Study framework.
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this basis, the weight is calculated as follows:

4ij
b —
W bj1PCy + bjp PCy + bizPCs - - - +bijPCj
i =

PCy 4+ PCy + PCs - - - +PC]‘

Where W; is the weight of i-th indicator; PC; is the variance
contribution rate of j-th principal component; a;; is the loading
of the i-th indicator and the j-th principal component; X; is the
eigenvalue of the j-th principal component.

Accordingly, the risk of heat hazard is obtained by multiplying
(39, 40) the three indicators of heat hazard, social vulnerability and
exposure (41) as follows:

HHR=H xS x E

where HHR is a composite score of the risk to human health from
H, and S and E are the results of the assessments of heat hazard,
social vulnerability and exposure, respectively.

All the assessment indicators all require standardization, which
is carried out using the following formula:

X — MIN
Xp = ———— +0.01
MAX — MIN
MAX — X
Xy = ————— +0.01
MAX — MIN

where X, is the normalized value of the positive indicator, X}, is
the normalized value of the negative indicator in the range [0.01,
1.01], X is the original value, and MIN and MAX are the minimum
and maximum values of the original value, respectively. The HHR
is normalized to [0, 1].

3.5 HHR classification

In this study, the natural breakage classification (NBC) is
used to classify HHR to distinguish different levels of health risk.
NBC divides data into multiple categories in such a way that the
variation within each category is minimized while the variation
between categories is maximized. This method seeks the optimal
grouping scheme for data by minimizing the within-class variance
and maximizing the between-class variance. Based on the natural
distribution characteristics of the data, it can reveal the inherent
structure of the data, facilitating visualization and analysis. In
this study, the HHR in 2010 is classified by natural breakage
classification. As the classification standard (Table 2) of HHR in this
paper, HHR is divided into five categories: lowest-risk area, low-risk
area, medium-risk area, high-risk area and highest-risk area. After
classification, ArcGIS is used to visualize the spatial distribution
of HHR.

3.6 Model prediction

In this study, the CA-Markov model is used for the simulation,
prediction and analysis of heat health risk. CA-Markov model
is a process theoretical model based on the Markov random
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TABLE 2 Classification of the heat health risk.

HHR Lowest Low Medium High Highest

Grading standard ‘ <0.2 ‘ 0.2-0.4 ‘ 0.4-0.5 ‘ 0.5-0.58 ‘ >0.58

process system so as to achieve the purpose of prediction and
random control. CA consists of discrete cells of time, space and
state that simulate spatiotemporal evolution through a certain
transformation rule (42). The evolution of the CA simulation is
as follows:

51 = (%)

where Sfj is the state of the ij-th cellular at moment ¢, f, is the
cellular transformation function, and Sﬁ;’l is the state of the ijth
cellular at moment ¢ + 1.

The rationale of the Markov model is to use the probability of
transfer between the initial and intermediate states to predict the
trend at time f (43). The Markov forecasting process is as follows:

St+1 — S[ x P
Py - Py
P =
Py .- Py

where S is its state at moment ¢, P is the probability transfer matrix,
and S'*! is its state at moment £.

The CA-Markov model can take advantage of both the CA
model’s ability to simulate changes in spatial systems and the
Markov model’s ability to make long-term predictions; that is,
the simulation of health risk prediction is realized by adding the
spatial distribution elements with continuous properties to the
analysis process of the Markov chain There are three steps in
conducting the prediction: (1) The transfer probability matrix and
distribution conditional probability images were obtained from
the two-period health risk data analysis. (2) The CA filter is
constructed to create weighting factors based on the central cell
and surrounding neighboring cells, thereby determining the rule of
variation for the central cell state. (3) The prediction base period
is selected, and prediction based on the health risk probability
transfer matrix in step (1) is conducted. This study uses the CA-
Markov module in IDRISI and ArcGIS to complete the process of
CA-Markov prediction.

4 Results

4.1 Principal component analysis

As shown in Table 3, we conducted tests to determine whether
the data were suitable for factor analysis. According to the results,
the KMO value is >0.7 and P < 0.05, indicating a significant test
result. This suggests that the data are suitable for factor analysis and
that PCA can proceed.

The PCA results are shown in Table 4. After conducting
the PCA with targeted rotation in each year, four meaningful
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TABLE 3 KMO and Bartlett's test.

KMO measure of sampling adequacy

Approx Chi-square 728.619
Bartlett’s test of sphericity Df 66
Sig. 0.000

TABLE 4 Results of the PCA of social vulnerability and exposure.

PC Eigenvalues Contribution Cumulative
ratio of contribution of
variance variance
1 5.126 42.714% 42.714%
2 1.849 15.405% 58.119%
3 1.691 14.094% 72.212%
4 1.163 9.692% 81.905%

TABLE 5 Weights of the PCA of social vulnerability and exposure.

Factor category Indicator Weight
GDP (SV1) 0.14
Disposable income (SV2) 0.17
Physicians (SV3) 0.20

Social vulnerability Hospital beds (SV4) 0.16
Older adults (SV5) 0.13
Female (SV6) 0.11
Unemployment (SV7) 0.09
NDVI (EX1) 0.12
Population density (EX2) 0.32

Human exposure ‘Water resource (EX3) 0.30
Agricultural practitioners (EX4) 0.01
Construction practitioners (EX5) 0.25

components were derived, explaining over 80% of the total variance
of selected indicators.

After calculating the variance contribution rates and loadings
of each principal component, normalization processing was finally
conducted to obtain the weight values for each indicator. The
results are shown in Table 5.

4.2 Heat health risk

The results of this study show that the heat health risk in
most areas of eastern China is mainly highest risk (Figure 3).
In 2010, 2015 and 2019, the proportion (Table 6) of highest risk
areas and medium risk areas reached 50.16%, 53.11% and 67.48%,
respectively, with a stable upward trend. The area proportion lowest
risk areas has decreased by 0.95% in the decade 2010-2019, the
area of high risk areas has increased by 2.67% in the 9 years, and
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the area of low risk areas has changed most significantly, reducing
by 19.06%.

According to the spatial distribution pattern of the heat
health risk, the area with highest risk in eastern China accounts
for a relatively large proportion (Figure 3). In terms of overall
hierarchical distribution, the areas with high risk are mainly
distributed in the southeast and southwest of Zhejiang, the north
of Jiangsu and the central urban area of the city. The areas with
low risk are concentrated in the southern mountainous area, the
suburbs and rural areas and the water source area, which generally
shows that the risk in the north and southeast are high and the
risk in the east and central-west are low. From the perspective of
time scale, the risk level of the whole north of Jiangsu Province
was high risk from 2010 to 2019, and the area of high-risk areas
shows increasing trend. The risk level of large and medium-sized
urban areas has been high over the 9 years due to the significant
impact of urbanization. The areas with low risk in the northwest
of Zhejiang have maintained a relatively low level of risk over the
past 9 years, and the area of overall lowest and low risk areas has
decreasing trend over time.

By calculating the area transfer between 2010, 2015 and 2019,
it can be found that the area conversion of different heat health
risk areas mainly occurs between adjacent levels (Figure 4). For
example, the low-risk areas in 2015 mainly come from the low-
risk areas, lowest risk areas and medium risk areas in 2010; most
of the lowest-risk areas in 2019 come from the original lowest-
risk areas and low-risk areas. It also shows that there is usually
no mutation process in the transformation of risk. The types of
scale transformation mainly include the transformation of low and
medium risk areas, the transformation of medium and high-risk
areas, and the transformation between high and highest risk areas.

Furthermore, the map in Figure 5 illustrates the distribution
of highest-risk and high-risk areas based on the leading indicators
among hazard, social vulnerability, and exposure. It emphasizes
that the areas dominated by social vulnerability are the largest,
mainly located in western Jiangsu Province and the southeastern
coastal areas of Zhejiang Province. The hazard-dominated areas
are mainly distributed around Taihu Lake, extending northeast
to southwest of Zhejiang, as well as along a coastal stretch in
southeast Zhejiang. In contrast, the exposure-dominated areas
are concentrated mainly in the central regions of Shanghai and
Nanjing. Table 7 shows hazard-dominated areas increased by
15.98%, social vulnerability-dominated areas decreased by 16.00%,
and exposure-dominated areas stayed stable around 0.10%. This
confirms that HHR is primarily influenced by the distribution of
hazards and social vulnerability.

4.3 Risk prediction

Using the CA-Markov module in IDRISI, based on the heat
health risk results in 2010, 2015 and 2019, taking 2010 as the
starting year, we calculated the heat health risk level area transfer
matrix from 2010 to 2015, predicted the heat health risk of eastern
China in 2019, compared it with the actual data, and calculated
the Kappa coefficient of 0.882 with P < 0.01, indicating that the
prediction results are highly consistent with the actual situation
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Spatial distribution of HHR in the eastern China. (A) 2010. (B) 2015. (C) 2019.

(c)2019

TABLE 6 The proportion of HHR.

Risk level 2010 2015 2019
Lowest risk 7.57% 6.49% 6.62%
Low risk 25.24% 21.39% 6.18%
Medium risk 19.05% 21.53% 19.04%
High risk 17.04% 19.01% 19.71%
Highest risk 31.11% 31.58% 48.44%

(Table 8). We took 2015 as the starting year, where based on the heat
health risk area transfer matrix from 2015 to 2019 and the generated
suitability Atlas of various risk levels, we assumed that the heat
health risk level transfer trend from 2010 to 2019 is basically similar
to that 9 of years later, and a 5 x 5 mole neighborhood is used as
the filtering parameter of the CA-Markov model. The operation of
the model is an iterative cycle every year. Through 10 iterations,
the spatial data set of heat health risk in eastern China in 2025 is
simulated, and the spatial distribution prediction map is formed
(Figure 6).

This paper tests the robustness of CA-Markov the model by
varying the number of cellular automaton iterations. The test
results are presented in Table 9. Whether increasing or decreasing
the number of iterations, the Kappa coefficients are similar to the
result in Table 8, verifying the robustness of the CA-Markov model.

The prediction results (Figure 6) show that the distribution
pattern of risk level in eastern China in 2025 is consistent with that
of the past 9 years. The statistics show that the proportions of five
levels of health risk areas in 2025 are as follows: lowest-risk areas are
6.64%, low-risk areas are 2.46%, medium risk areas are 3.67% and
high-risk areas are 38.78%. While the area of highest-risk areas is
accounting for 48.45% of the total area, this level is far higher than
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the data of 9 years ago. The overall distribution pattern is high-
risk areas, mainly expanding outwards from cities, creating larger
high-risk areas. Meanwhile, low-risk areas of Shanghai are shifting
to medium-risk, and medium-risk areas in northern Zhejiang
are growing.

5 Discussion

Areas with high levels of social vulnerability (Figure 7) not only
lack health resources and suffer from economic underdevelopment,
but are also affected by other factors (44). These factors may include
income inequality, education levels, access to social services, and
environmental resilience, among others. Conversely, regions with
low vulnerability tend to boast robust economic growth and ample
health resources, reflecting a more equitable and developed societal
structure. For instance, Nantong’s increasing social vulnerability
can be attributed not only to population aging but also to factors
such as limited social welfare programs and inadequate healthcare
infrastructure. Medium vulnerability areas present an intriguing
paradox: they may enjoy high economic development and low
unemployment rates, yet lag behind in health resources (45).
Rapid urbanization (46), often accompanied by environmental
degradation and social disparities, exacerbates this vulnerability.
The influx of migrants, without adequate support systems, can
strain public services and exacerbate social tensions, further
increasing the area’s overall vulnerability. Regions characterized by
low social vulnerability, such as the Yangtze River Delta, typically
exhibit not only high levels of economic development but also
a well-rounded approach to societal wellbeing (47). They invest
heavily in education, healthcare, and environmental sustainability,
creating a resilient social fabric that can withstand external shocks.
These areas also tend to have more equitable income distributions
and robust social safety nets, which further mitigate vulnerability.
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Area conversion of HHR in the eastern China.
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High-risk areas, despite their advantageous locations, abundant
health resources, and economic development, face heightened
heat health risks and exposure due to a complex interplay of
factors (48). Their dense land use patterns contribute to higher
temperatures, exacerbated by the significant heat storage capacity
of urban structures (49). Additionally, the large construction
workforce, often working outdoors in harsh conditions, further
amplifies their vulnerability. The interaction between urbanization,
industrialization, and socio-economic status creates a multifaceted
landscape where heat hazards are driven not just by physical
characteristics but also by societal structures and behaviors (50).

Conversely, low-risk areas, which tend to be less economically
developed and more reliant on agriculture, animal husbandry,
and fishing, exhibit a different set of dynamics. While they lack
the health resources available in urban centers, they benefit from
lower population densities, which reduce the concentration of heat-
generating activities. Their greater green cover and abundant water
resources provide natural cooling mechanisms (51), mitigating
heat hazards and exposure (52). However, it is important that
these benefits are not absolute, and low-risk areas can still
experience heatwaves and related health impacts, albeit to a lesser
extent. The interplay between natural environmental factors and
human activities, such as land-use changes and deforestation, can
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introduce uncertainties and variations in heat health risks even
within these seemingly lower-risk regions.

Some Chinese researchers primarily conduct their studies
through questionnaires and statistical analysis, focusing on
residents’ perceptions of heatwave risks in Guangdong, adaptive
behaviors, and experiences with heatstroke (53). In contrast,
some researchers concentrate on exposed areas and population
dynamics in Beijing (54), employing a variety of methods such as
questionnaires, remote sensing analysis, and morphological spatial
pattern analysis (55). They also specifically introduce dynamic
population data and the exposure-response relationship between
temperature and health to delve deeper into the identification
of heat-exposed areas, heat risk assessment, and the impact of
population dynamics on heat exposure. Ma et al. have expanded
their research to 66 communities in China, emphasizing the impact
of heatwaves on mortality and the modulating effects of individual
and community characteristics (56).

In terms of theory, the study provides a comprehensive
examination of the spatial and temporal distribution patterns of
heat health risk. On one hand, by identifying key areas of highest
and high risk, as well as those with low and lowest risk, the
research contributes to the understanding of how environmental,
social, and urbanization factors interplay to influence health
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FIGURE 5
Spatial distribution of HHR subzones in the eastern China. (A) 2010. (B) 2015. (C) 2019.

TABLE 7 The proportion of areas with the highest and high-health risk
dominated by each category.

N
Category 2010 2015 2019
Hazard 11.42% 13.92% 27.40%
Social vulnerability 88.49% 85.93% 72.49%
Exposure 0.09% 0.15% 0.11%

TABLE 8 The result of consistency test.

Kappa coefficient

0.882 0.000

risks associated with heat. On the other hand, the study’s focus
on the transformation of risk areas over time adds a dynamic
perspective to the theoretical discussion. By showing that area
conversions mainly occur between adjacent risk levels, the research
contributes to the understanding of how risk can evolve and
change, highlighting the need for adaptive and responsive risk
management strategies. Legend

In terms of practice, the study’s findings offer valuable insights

. . e . . 202

for policymakers. On one hand, by identifying high-risk areas, 025
. . . . . Health Risk

the research provides a basis for targeted interventions aimed at
mitigating the impacts of heat on human health. This includes . v
measures such as improving urban green spaces, enhancing public 0 tow
awareness about heat-related health risks, and developing early [ | medium
warning systems. The identification of different factors-dominated [ high 0 90 180 360 KM
areas suggests that policies should also focus on reducing the I vingest T
vulnerability of certa.ln.populatlons to heat risks. On the 0'[%161‘ HGURE 6
hand, the study’s prediction results for 2025 offer a forward-looking Spatial distribution of social vulnerability in the eastern China.

perspective that can inform long-term planning and strategy
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TABLE 9 The results of robustness test.

Number of iterations  Kappa coefficient P
8 ‘ 0.879 ‘ 0.000
12 ‘ 0.881 ‘ 0.000

development. By highlighting the expansion of high-risk areas and
the shifting of risk levels in specific regions, the research provides a
roadmap for proactive risk management and mitigation efforts.

5.1 Policy suggestions

To significantly reduce health risks associated with urban
environments, a comprehensive and targeted approach is essential.
In central cities, urban planning interventions should focus on
alleviating the heat island effect by planting more trees and shrubs
in public spaces and along streets (57), expanding urban parks
and green spaces, and creating cooler microclimates through the
expansion of water bodies such as fountains, lakes, and rivers (50,
52). Additionally, green building designs that incorporate natural
lighting (58), ventilation, and energy-efficient materials should be
promoted, along with the installation of green roofs and walls to
provide insulation and reduce heat absorption.

Relocating industrial factories to the outskirts of the city can
further minimize greenhouse gas emissions (59) and enhance the
urban environment (60), while robust transportation networks
and employment opportunities in the suburbs can encourage
population decentralization and reduce urban density (18, 61).
Social support plans should include policies and allowances for
outdoor workers to avoid working during peak heat hours, ensuring
access to shaded rest areas and cool drinking water (62). Workers in
agriculture and forestry should be provided with necessary cooling
equipment and protective gear, along with regular health check-ups
and training sessions on heat stress management.

For older adults and vulnerable populations (16), specialized
facilities should be constructed to ensure access to air-conditioned
spaces and medical care, with financial subsidies offered for the
installation of cooling equipment in care institutions (63). Public
health activities should focus on improving medical facilities
in underserved areas through subsidies, staff transfers, training
programs, and the importation of skilled technicians (64, 65).
Comprehensive public awareness campaigns should be launched in
less developed regions to educate the population on heat risks and
preventive measures, utilizing local media, community centers, and
schools to disseminate information and promote healthy behaviors.

Economic incentives and support should be provided to less
developed regions to foster economic growth and resilience against
heatwaves, ensuring that policy frameworks include measures to
mitigate and adapt to rising temperatures. In suburban areas,
zoning regulations should be implemented to prevent excessive
land development that could lead to the loss of green spaces and
water bodies (66, 67), while encouraging the preservation of natural
landscapes and the creation of green corridors to mitigate heat.
By taking these specific and targeted steps, urban and suburban
areas can enhance the overall quality of life for residents while
significantly reducing health risks associated with heat and other
urban hazards.
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5.2 Limitations

There are several limitations and uncertainties in the study.
Firstly, the selection of indicators involves various factors,
including meteorological, economic, demographic, and social
factors. However, some indicators were not chosen due to
limitations in the data sources and spatial representation.
Additionally, the selection of indicators might have influenced
the assessment results. There is no standardized approach for
selecting indicators. Understanding heat health risks requires a
nuanced approach that accounts for the intricate interactions
between physical, socio-economic, and environmental factors.
Simplistic explanations fall short of capturing the full complexity
of these issues. Therefore, to conduct a deeper analysis of
social vulnerability, it is imperative to employ a more nuanced
vulnerability index that incorporates a multitude of interconnected
factors, including not just economic indicators but also social
cohesion, environmental health, and governance effectiveness.
Future research should refine selection methods for robustness,
representativeness, and applicability, incorporating such indices.
Methods such as the Heat Vulnerability Index (33), the Hesitant
Analytic Hierarchy Process (34), and LST-based models (68) offer
diverse perspectives but require standardization and integration
to form a comprehensive assessment framework. The CA-Markov
model, while effective in simulating and predicting spatial-temporal
changes, exhibits several limitations. Its predictions are inherently
uncertain due to assumptions about the stationarity of transition
probabilities and the potential oversimplification of complex
system dynamics. Additionally, the model’s reliance on historical
data can lead to inaccuracies if the data is incomplete or does
not accurately represent the system’s true behavior. Furthermore,
incorporating heat-related death statistics enhances risk area
validation. Further research is crucial to improve accuracy and
precision, including exploring advanced modeling techniques,
enhancing data resolution, and refining our understanding of the
multifaceted nature of heat health risks.

6 Conclusion

In conclusion, our research introduces an innovative method
for assessing urban heat-related health risks, which effectively
facilitates risk zoning and prediction. Our findings reveal that
risks decline from urban to rural areas, suggesting that urban
centers require balanced planning strategies to mitigate heat
islands, such as promoting green infrastructure initiatives like
increased tree coverage and green roofs. In contrast, suburbs
necessitate the development of targeted social support plans for
vulnerable populations.

This series of findings unveils the specific spatial characteristics
of heat health risks in urban environments, demonstrating
that these risks are associated not only with the density and
temperature of urban centers, but also influenced by various
factors such as vegetation cover and economic development
levels. These discoveries offer deeper insights into the formation
mechanisms of urban heat island effects and the vulnerability of
different socioeconomic groups to heat health risks. Consequently,
our research not only provides spatial distribution maps of these
risks but also introduces a new perspective for understanding
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The prediction of HHR in the eastern China. (A) 2010. (B) 2015. (C) 2019.
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the complexity and diversity of urban heat health risks. Firstly,
they serve as a basis for optimizing monitoring systems, enabling
them to more accurately identify and issue early warnings for
high-risk areas. Secondly, by integrating multiple data sources
and risk assessment methods, our study paves the way for the
intelligence and automation of warning systems. Moreover,
these findings reveal distinct challenges faced by urban centers
and suburbs during heatwaves, providing a foundation for
developing targeted mitigation measures. For instance, in urban
centers, measures like increasing greenery, improving building
designs, and urban planning may be necessary to reduce heat
island effects; whereas in suburbs, additional social support and
shelters for vulnerable groups could be required. Furthermore,
these discoveries underscore the importance of community
engagement and public education in raising awareness and
enhancing residents’ capacity to cope with health risks. Lastly,
our research provides scientific evidence for policymakers
to formulate more comprehensive and effective heatwave
mitigation plans.

However, it is important to acknowledge the limitations of
our study, including data availability and quality constraints,
methodological assumptions, and the potential for unmeasured
confounding factors. In the future, we will further refine
our research.

Firstly, the impact of climate change on future heat
health risks should be investigated to anticipate and
prepare for evolving threats. Secondly, more sophisticated
vulnerability assessments that incorporate a broader range
of social and demographic factors. Lastly, by evaluating
the effectiveness of different heatwave mitigation strategies,
we can provide information for policymakers and improve
public health outcomes. By addressing these areas, we can
further refine our responses to heat-related health risks,
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ultimately contributing to improved public health in urban
and suburban environments.

Data availability statement
The original contributions presented in the study are included

in the article/supplementary material, further inquiries can be
directed to the corresponding author.

Author contributions
ML: Methodology, Writing — original draft, Writing — review

& editing. JX: Data curation, Investigation, Writing - review
& editing.

Funding

The author(s) declare that no financial support was received for
the research, authorship, and/or publication of this article.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Generative Al statement

The author(s) declare that no Gen Al was used in the creation
of this manuscript.

frontiersin.org


https://doi.org/10.3389/fpubh.2025.1521997
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org

Li and Xu

Publisher’s note

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their affiliated

References

1. Russo S, Dosio A, Graversen RG, Sillmann J, Carrao H, Dunbar MB, et al.
Magnitude of extreme heat waves in present climate and their projection in a warming
world. ] Geophys Res-Atmos. (2014) 119:12500-12. doi: 10.1002/2014JD022098

2. Anderson GB, Bell ML. Heat waves in the United States: mortality risk during
heat waves and effect modification by heat wave characteristics in 43 US communities.
Environ Health Perspect. (2011) 119:210-8. doi: 10.1289/e¢hp.1002313

3. Montero JC, Miron IJ, Criado JJ, Linares C, Diaz J. Comparison between two
methods of defining heat waves: a retrospective study in Castile-La Mancha (Spain).
Sci Total Environ. (2010) 408:1544-50. doi: 10.1016/j.scitotenv.2010.01.013

4. He C, Kim H, Hashizume M, Lee W, Honda Y, Kim SE, et al. The effects of night-
time warming on mortality burden under future climate change scenarios: a modelling
study. Lancet Planet Health. (2022) 6:E648-57. doi: 10.1016/52542-5196(22)00139-5

5. Bai L, Ding G, Gu S, Bi P, Su B, Qin D, et al. The effects of summer temperature
and heat waves on heat-related illness in a coastal city of China, 2011-2013. Environ
Res. (2014) 132:212-9. doi: 10.1016/j.envres.2014.04.002

6. Li Y, Ding Y, Li W. Observed trends in various aspects of compound
heat waves across China from 1961 to 2015. ] Meteorol Res. (2017) 31:455-
67. doi: 10.1007/s13351-017-6150-2

7. Tan JG, Zheng YE, Tang X, Guo CY, Li LP, Song GX, et al. The urban heat island
and its impact on heat waves and human health in Shanghai. Int J Biometeorol. (2010)
54:75-84. doi: 10.1007/s00484-009-0256-x

8. Li D, Bou-Zeid E. Synergistic interactions between urban heat islands and heat
waves: the impact in cities is larger than the sum of its parts*. ] Appl Meteorol Climatol.
(2013) 52:2051-64. doi: 10.1175/JAMC-D-13-02.1

9. Amorim MCCT, Dubreuil V, Amorim AT. Day and night surface and atmospheric
heat islands in a continental and temperate tropical environment. Urban Clim. (2021)
38:100918. doi: 10.1016/j.uclim.2021.100918

10. Tomlinson CJ, Chapman L, Thornes JE, Baker CJ. Including the urban heat
island in spatial heat health risk assessment strategies: a case study for Birmingham,
UK. Int ] Health Geogr. (2011) 10. doi: 10.1186/1476-072X-10-42

11. Chan NY, Stacey MT, Smith AE, Ebi KL, Wilson TF. An empirical mechanistic
framework for heat-related illness. Clim Res. (2001) 16:133-43. doi: 10.3354/cr016133

12. Huang H, Ma ], Yang Y. Spatial heterogeneity of driving factors for urban heat
health risk in Chongging, China: a new identification method and proposal of planning
response framework. Ecol Indic. (2023) 153:110449. doi: 10.1016/j.ecolind.2023.110449

13. Wang S, Sun QC, Huang X, Tao Y, Dong C, Das S, et al. Health-integrated
heat risk assessment in Australian cities. Environ Impact Assess Rev. (2023)
102:107176. doi: 10.1016/j.eiar.2023.107176

14. Zheng M, Zhang J, Shi L, Zhang D, Pangali Sharma TP, Prodhan FA.
Mapping Heat-related risks in northern jiangxi province of china based on two
spatial assessment frameworks approaches. Int ] Environ Res Public Health. (2020)
17:6584. doi: 10.3390/ijerph17186584

15. Aubrecht C, Ozceylan D. Identification of heat risk patterns in the US National
Capital Region by integrating heat stress and related vulnerability. Environ Int. (2013)
56:65-77. doi: 10.1016/j.envint.2013.03.005

16. Benmarhnia T, Deguen S, Kaufman JS, Smargiassi A. Vulnerability to heat-
related mortality a systematic review, meta-analysis, and meta-regression analysis.
Epidemiology. (2015) 26:781-93. doi: 10.1097/EDE.0000000000000375

17. Wilhelmi OV, Hayden MH. Connecting people and place: a new framework
for reducing urban vulnerability to extreme heat. Environ Res Lett. (2010)
5:014021. doi: 10.1088/1748-9326/5/1/014021

18. Estoque RC, Ooba M, Seposo XT, Togawa T, Hijioka Y, Takahashi K, et al.
Heat health risk assessment in Philippine cities using remotely sensed data and social-
ecological indicators. Nat Commun. (2020) 11:1581. doi: 10.1038/s41467-020-15218-8

19. Hu K, Yang X, Zhong J, Fei E, Qi J. Spatially explicit mapping of heat health
risk utilizing environmental and socioeconomic data. Environ Sci Technol. (2017)
51:1498-507. doi: 10.1021/acs.est.6b04355

20. Song J, Huang B, Kim JS, Wen J, Li R. Fine-scale mapping of an evidence-based
heat health risk index for high-density cities: Hong Kong as a case study. Scie Total
Environ. (2020) 718:137226. doi: 10.1016/j.scitotenv.2020.137226

21. Bunker A, Wildenhain J, Vandenbergh A, Henschke N, Rocklov J, Hajat S, et al.
Effects of air temperature on climate-sensitive mortality and morbidity outcomes

Frontiersin Public Health

10.3389/fpubh.2025.1521997

organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

in the elderly; a systematic review and meta-analysis of epidemiological evidence.
Ebiomedicine. (2016) 6:258-68. doi: 10.1016/j.ebiom.2016.02.034

22. Anderson BG, Bell ML. Weather-related mortality how heat, cold, and
heat waves affect mortality in the United States. Epidemiology. (2009) 20:205-
13. doi: 10.1097/EDE.0b013e318190ee08

23. Fouillet A, Rey G, Laurent E, Pavillon G, Bellec S, Guihenneuc-Jouyaux C, et al.
Excess mortality related to the August 2003 heat wave in France. Int Arch Occup
Environ Health. (2006) 80:16-24. doi: 10.1007/s00420-006-0089-4

24. Ma S, Pitman A, Hart M, Evans JP, Haghdadi N, MacGill I. The impact of an
urban canopy and anthropogenic heat fluxes on Sydney’s climate. Int J Climatol. (2017)
37:255-70. doi: 10.1002/joc.5001

25. Vandentorren S, Bretin P, Zeghnoun A, Mandereau-Bruno L, Croisier A, Cochet
C, et al. August 2003 heat wave in France: risk factors for death of elderly people living
at home. Eur ] Public Health. (2006) 16:583-91. doi: 10.1093/eurpub/ckl063

26. Gamble JL, Hurley BJ, Schultz PA, Jaglom WS, Krishnan N, Harris M. Climate
change and older americans: state of the science. Environ Health Perspect. (2013)
121:15-22. doi: 10.1289/ehp.1205223

27. Al-Bouwarthan M, Quinn MM, Kriebel D, Wegman DH. Assessment of heat
stress exposure among construction workers in the hot desert climate of Saudi Arabia.
Ann Work Expo Health. (2019) 63:505-20. doi: 10.1093/annweh/wxz033

28. Chen B, Xie M, Feng Q, Wu R, Jiang L. Diurnal heat exposure risk mapping and
related governance zoning: Aacase study of Beijing, China. Sustain Cities Soc. (2022)
81:103831. doi: 10.1016/j.5¢s.2022.103831

29. Emmanuel R, Jalal M, Ogunfuyi S, Maharoof N, Zala M, Perera N, et al. Urban
heat risk: protocols for mapping and implications for Colombo, Sri Lanka. Atmosphere.
(2023) 14:343. doi: 10.3390/atmos14020343

30. Lee W, Choi M, Bell ML, Kang C, Jang J, Song I, et al. Effects of urbanization
on vulnerability to heat-related mortality in urban and rural areas in South
Korea: a nationwide district-level time-series study. Int J Epidemiol. (2022) 51:111-
21. doi: 10.1093/ije/dyab148

31. Shao D, Xiong W. Does high spatial density imply high population density?
Spatial mechanism of population density distribution based on population-space
imbalance. Sustainability. (2022) 14:5776. doi: 10.3390/sul14105776

32. Dong W, Liu Z, Zhang L, Tang Q, Liao H, Li X. Assessing heat health
risk for sustainability in Beijing’s urban heat Island. Sustainability. (2014) 6:7334-
57. doi: 10.3390/5u6107334

33. Wolf T, McGregor G, Analitis A. Performance assessment of a heat wave
vulnerability index for Greater London, United Kingdom. Weather Clim Soc. (2014)
6:32-46. doi: 10.1175/WCAS-D-13-00014.1

34. Wu X, Liu Q, Huang C, Li H. Mapping heat-health vulnerability based on remote
sensing: a case study in Karachi. Remote Sens. (2022) 14:1590. doi: 10.3390/rs14071590

35. Sun Y, Li Y, Ma R, Gao C, Wu Y. Mapping urban socio-economic vulnerability
related to heat risk: A grid-based assessment framework by combing the geospatial big
data. Urban Clim. (2022) 43:101169. doi: 10.1016/j.uclim.2022.101169

36. Cissé G, McLeman R, Adams H, Aldunce P, Bowen K, Campbell-Lendrum D,
et al. Impacts, adaptation and vulnerability. In: Contribution of Working Group II to the
Sixth Assessment Report of the Intergovernmental Panel on Climate Change. Cambridge,
MA: Cambridge University Press (2022), p. 1041-70.

37. Asbridge EE, Choy DL, Mackey B, Serrao-Neumann S, Taygfeld P, Rogers K.
Coastal flood risk within a peri-urban area: SUSSEX Inlet district, SE Australia. Nat
Hazards. (2021) 109:999-1026. doi: 10.1007/s11069-021-04865-9

38. Jiang S, Lee X, Wang ], Wang K. Amplified urban heat islands during
heat wave periods. ] Geophys Res-Atmos. (2019) 124:7797-812. doi: 10.1029/2018]D
030230

39. El-Zein A, Tonmoy FN. Assessment of vulnerability to climate change using a
multi-criteria outranking approach with application to heat stress in Sydney. Ecol Indic.
(2015) 48:207-17. doi: 10.1016/j.ecolind.2014.08.012

40. Vescovi L, Rebetez M, Rong F. Assessing public health risk due to extremely
high temperature events: climate and social parameters. Clim Res. (2005) 30:71-
8. doi: 10.3354/cr030071

41. Ebert U, Welsch H. Meaningful environmental indices: a social choice approach.
J Environ Econ Manage. (2004) 47:270-83. doi: 10.1016/j.jeem.2003.09.001

frontiersin.org


https://doi.org/10.3389/fpubh.2025.1521997
https://doi.org/10.1002/2014JD022098
https://doi.org/10.1289/ehp.1002313
https://doi.org/10.1016/j.scitotenv.2010.01.013
https://doi.org/10.1016/S2542-5196(22)00139-5
https://doi.org/10.1016/j.envres.2014.04.002
https://doi.org/10.1007/s13351-017-6150-2
https://doi.org/10.1007/s00484-009-0256-x
https://doi.org/10.1175/JAMC-D-13-02.1
https://doi.org/10.1016/j.uclim.2021.100918
https://doi.org/10.1186/1476-072X-10-42
https://doi.org/10.3354/cr016133
https://doi.org/10.1016/j.ecolind.2023.110449
https://doi.org/10.1016/j.eiar.2023.107176
https://doi.org/10.3390/ijerph17186584
https://doi.org/10.1016/j.envint.2013.03.005
https://doi.org/10.1097/EDE.0000000000000375
https://doi.org/10.1088/1748-9326/5/1/014021
https://doi.org/10.1038/s41467-020-15218-8
https://doi.org/10.1021/acs.est.6b04355
https://doi.org/10.1016/j.scitotenv.2020.137226
https://doi.org/10.1016/j.ebiom.2016.02.034
https://doi.org/10.1097/EDE.0b013e318190ee08
https://doi.org/10.1007/s00420-006-0089-4
https://doi.org/10.1002/joc.5001
https://doi.org/10.1093/eurpub/ckl063
https://doi.org/10.1289/ehp.1205223
https://doi.org/10.1093/annweh/wxz033
https://doi.org/10.1016/j.scs.2022.103831
https://doi.org/10.3390/atmos14020343
https://doi.org/10.1093/ije/dyab148
https://doi.org/10.3390/su14105776
https://doi.org/10.3390/su6107334
https://doi.org/10.1175/WCAS-D-13-00014.1
https://doi.org/10.3390/rs14071590
https://doi.org/10.1016/j.uclim.2022.101169
https://doi.org/10.1007/s11069-021-04865-9
https://doi.org/10.1029/2018JD030230
https://doi.org/10.1016/j.ecolind.2014.08.012
https://doi.org/10.3354/cr030071
https://doi.org/10.1016/j.jeem.2003.09.001
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org

Li and Xu

42. Sang L, Zhang C, Yang J, Zhu D, Yun W. Simulation of land use spatial pattern
of towns and villages based on CA-Markov model. Math Comput Model. (2011)
54:938-43. doi: 10.1016/j.mcm.2010.11.019

43. Zhou L, Dang X, Sun Q, Wang S. Multi-scenario simulation of urban land
change in Shanghai by random forest and CA-Markov model. Sustain Cities Soc. (2020)
55:102045. doi: 10.1016/j.5¢s.2020.102045

44. Zottarelli LK, Xu X, Sunil TS, Chowdhury S. Just plain hot: examining summer
daily high heat indices and community-level social vulnerability on emergency medical
services on-scene responses in San Antonio, Texas, 2015-2018. Cureus ] Med Sci. (2023)
15:39914. doi: 10.7759/cureus.39914

45. Wen X-m, Qian Q-l, Xiong Y, Destech Publications I. The influence on
urbanization by the age structure of population. In: 2015 International Conference
on educaTion, Management and Systems Engineering (EMSE 2015). Phuket: (2015),
p. 201-5.

46. ShiX,XuY, Wang G, Liu Y, Wei X, Hu X. Spatiotemporal variations in the urban
heat islands across the coastal cities in the Yangtze River Delta, China. Mar Geod. (2021)
44:467-84. doi: 10.1080/01490419.2021.1897716

47. Chen Q, Ding M, Yang X, Hu K, Qi J. Spatially explicit assessment of heat health
risk by using multi-sensor remote sensing images and socioeconomic data in Yangtze
River Delta, China. Int ] Health Geogr. (2018) 17:15. doi: 10.1186/s12942-018-0135-y

48. Xiang Z, Qin H, He B-], Han G, Chen M. Heat vulnerability caused by physical
and social conditions in a mountainous megacity of Chongqing, China. Sustain Cities
Soc. (2022) 80:103792. doi: 10.1016/j.s¢s.2022.103792

49. Wang S, Zhu Q, Duan Y, Shang P. Unidirectional heat-transfer asphalt pavement
for mitigating the urban Heat Island Effect. ] Mater Civil Eng. (2014) 26:812-
21. doi: 10.1061/(ASCE)MT.1943-5533.0000872

50. Ghosh S, Das A. Modelling urban cooling island impact of green space and water
bodies on surface urban heat island in a continuously developing urban area. Model
Earth Syst Environ. (2018) 4:501-15. doi: 10.1007/s40808-018-0456-7

51. Cao B, Chen Q, Du M, Cheng Q, Li Y, Liu R. Simulation analysis of the
cooling effect of urban water bodies on the local thermal environment. Water. (2022)
14:3091. doi: 10.3390/w14193091

52. Cai J, Tan W, Yan B. The structure of urban green space system to tackle
heat-island effect. Res ] Chem Environ. (2011) 15:755-8.

53. Fu X, Yao L, Sun S. Accessing the heat exposure risk in Beijing-
Tianjin-Hebei region based on heat island footprint analysis. Atmosphere. (2022)
13:739. doi: 10.3390/atmos13050739

54. Djedjig R, Belarbi R, Bozonnet E. Experimental study of green walls impacts
on buildings in summer and winter under an oceanic climate. Energy Build. (2017)
150:403-11. doi: 10.1016/j.enbuild.2017.06.032

55. LiJ, Song C, Cao L, Zhu F, Meng X, Wu J. Impacts of landscape structure on
surface urban heat islands: a case study of Shanghai, China. Remote Sens Environ.
(2011) 115:3249-63. doi: 10.1016/j.rse.2011.07.008

Frontiersin Public Health

13

10.3389/fpubh.2025.1521997

56. Taha H. Meteorological, emissions and air-quality modeling of heat-island
mitigation: recent findings for California, USA. Int ] Low-Carbon Technol. (2015)
10:3-14. doi: 10.1093/ijlct/ctt010

57. Zander KK, Richerzhagen C, Garnett ST. Human mobility intentions in
response to heat in urban South East Asia. Glob Environ Change. (2019) 56:18-
28. doi: 10.1016/j.gloenvcha.2019.03.004

58. Pogacar T, Znidarsic Z, Bogataj LK, Flouris AD, Poulianiti K, Crepinsek Z. Heat
waves occurrence and outdoor workers’ self-assessment of heat stress in Slovenia and
Greece. Int ] Environ Res Public Health. (2019) 16:597. doi: 10.3390/ijerph16040597

59. Wilson L, Black D, Veitch C. Heatwaves and the elderly the role of the GP in
reducing morbidity. Aust Fam Physician. (2011) 40:637—40.

60. Krebs F, Holzhauer S, Ernst A. Modelling the role of neighbourhood support
in regional climate change adaptation. Appl Spat Anal Policy. (2013) 6:305-
31. doi: 10.1007/s12061-013-9085-8

61. Wolf J, Adger WN, Lorenzoni I, Abrahamson V, Raine R. Social
capital, individual responses to heat waves and climate change adaptation:
an empirical study of two UK cities. Glob Environ Change. (2010)
20:44-52. doi: 10.1016/j.gloenvcha.2009.09.004

62. Cui Y, Xu X, Dong J, Qin Y. Influence of urbanization factors on surface urban
heat island intensity: a comparison of countries at different developmental phases.
Sustainability. (2016) 8:706. doi: 10.3390/su8080706

63. Hassaballa A, Salih A. A spatio-temporal analysis of heat island intensity
influenced by the substantial urban growth between 1990 and 2020: a case study of Al-
Ahsa Oasis, Eastern Saudi Arabia. Appl Sci. (2023) 13:2755. doi: 10.3390/app13052755

64. Liu T, Xu YJ, Zhang YH, Yan QH, Song XL, Xie HY, et al. Associations
between risk perception, spontaneous adaptation behavior to heat waves and
heatstroke in Guangdong province, China. BMC Public Health. (2013) 13:913.
doi: 10.1186/1471-2458-13-913

65. Sun Z, Zhang X, Li Z, Liang Y, An X, Zhao Y, et al
Heat exposure assessment based on high-resolution spatio-
temporal data of population dynamics and temperature variations.
]  Environ  Manage.  (2024)  349:119576.  doi:  10.1016/j.jenvman.202

3.119576

66. Chen B, Xie M, Feng Q, Li Z, Chu L, Liu Q. Heat risk of residents in different
types of communities from urban heat-exposed areas. Sci Total Environ. (2021)
768:145052. doi: 10.1016/j.scitotenv.2021.145052

67. Ma W, Zeng W, Zhou M, Wang L, Rutherford S, Lin H, et al. The
short-term effect of heat waves on mortality and its modifiers in China: an
analysis from 66 communities. Environ Int. (2015) 75:103-9. doi: 10.1016/j.envint.20
14.11.004

68. Zhang W, Zheng C, Chen F. Mapping heat-related health risks of elderly citizens
in mountainous area: a case study of Chongqing, China. Sci Total Environ. (2019)
663:852-66. doi: 10.1016/j.scitotenv.2019.01.240

frontiersin.org


https://doi.org/10.3389/fpubh.2025.1521997
https://doi.org/10.1016/j.mcm.2010.11.019
https://doi.org/10.1016/j.scs.2020.102045
https://doi.org/10.7759/cureus.39914
https://doi.org/10.1080/01490419.2021.1897716
https://doi.org/10.1186/s12942-018-0135-y
https://doi.org/10.1016/j.scs.2022.103792
https://doi.org/10.1061/(ASCE)MT.1943-5533.0000872
https://doi.org/10.1007/s40808-018-0456-7
https://doi.org/10.3390/w14193091
https://doi.org/10.3390/atmos13050739
https://doi.org/10.1016/j.enbuild.2017.06.032
https://doi.org/10.1016/j.rse.2011.07.008
https://doi.org/10.1093/ijlct/ctt010
https://doi.org/10.1016/j.gloenvcha.2019.03.004
https://doi.org/10.3390/ijerph16040597
https://doi.org/10.1007/s12061-013-9085-8
https://doi.org/10.1016/j.gloenvcha.2009.09.004
https://doi.org/10.3390/su8080706
https://doi.org/10.3390/app13052755
https://doi.org/10.1186/1471-2458-13-913
https://doi.org/10.1016/j.jenvman.2023.119576
https://doi.org/10.1016/j.scitotenv.2021.145052
https://doi.org/10.1016/j.envint.2014.11.004
https://doi.org/10.1016/j.scitotenv.2019.01.240
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org

	Heat health assessment and risk simulation prediction in eastern China: a geospatial analysis
	1 Background
	2 Study aim
	3 Material and methods
	3.1 Study area
	3.2 Data source
	3.3 Assessment framework
	3.4 Statistical analyses and indicators
	3.5 HHR classification
	3.6 Model prediction

	4 Results
	4.1 Principal component analysis
	4.2 Heat health risk
	4.3 Risk prediction

	5 Discussion
	5.1 Policy suggestions
	5.2 Limitations

	6 Conclusion
	Data availability statement
	Author contributions
	Funding
	Conflict of interest
	Generative AI statement
	Publisher's note
	References


