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Summary

What is already known about this topic?
Heat-vulnerability assessment is an essential approach
for identifying populations and regions that are
vulnerable to extreme heat and supporting targeted
climate adaptation and public-health interventions.
What is added by this report?

This study updates the national assessment to 2020; the
Boruta algorithm is employed to objectively identify
the indicators most strongly associated with the
proportion of non-accidental deaths on extreme heat
days and a revised heat-vulnerability index (HVI) is
constructed.

What are the implications for public health
practice?

The updated county-level HVI provides policymakers
with a precise understanding of current heat-
vulnerability patterns in China. These findings will
facilitate a more effective identification of high-
vulnerability regions.

ABSTRACT

Introduction: Extreme heat poses an increasing
threat to public health. This study evaluates the
county-level heat vulnerability across China in 2020.

Methods: A comprehensive county-level assessment
of heat vulnerability was conducted across China using

the 2020 data encompassing socioeconomic,
demographic, environmental, and infrastructure-
related indicators. The Boruta machine-learning

algorithm was applied to objectively identify indicators
associated with the proportion of non-accidental
deaths on extreme-heat days. A heat-vulnerability index
(HVI) was constructed using principal component
analysis and validated using linear regression against
the proportion of non-accidental deaths on extreme-
heat days.

Results: Ten key indicators were integrated into a
county-level HVI  representing
vulnerability patterns in 2020. The HVI demonstrated

national  heat-
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a significant positive correlation with the proportion of
non-accidental deaths on extreme-heat days (P<0.05).
Spatial revealed that high-vulnerability

counties were primarily concentrated in Southwestern

analysis

China, whereas low-vulnerability areas were mainly
located in South China and the eastern coastal regions.

Conclusion: This study delivers an accurate and up-
to-date representation of current vulnerability patterns
by providing an updated and refined county-level
2020, supporting
public-health planning, efficient resource allocation,
and climate-adaptation strategies to mitigate the

assessment for evidence-based

impact of extreme heat.

Extreme-heat exposure has been consistently
associated with increased morbidity and mortality (7).
Considering the substantial regional and population
heterogeneity of heat-related impacts, assessing
vulnerability and identifying vulnerable regions are
essential for climate-change adaptation (2). The muldi-
indicator heat-vulnerability index (HVI) is widely used
for such assessments and is developed in three steps:
vulnerability-indicator selection, assigning of indicator
weights, and composite-index calculation (3-4).
However, most existing studies select indicators based
on a literature review or expert judgment, which
introduces  subjectivity and lacks  quantitative
validation. This may lead to the inclusion of weakly
related indicators and omission of key determinants,
thereby compromising the accuracy and reliability of
the HVI. In China, the current heat-vulnerability
assessments share these limitations, and county-level
evaluations remain scarce. The only national county-
level study reflects the conditions in 2010 and no
longer represents the current spatial distribution of
heat vulnerability. Therefore, this study applies a
machine-learning approach for objective indicator
screening, and uses the most recently available data to

construct a county-level HVI for China for 2020. This
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can be used to identify highly vulnerable regions and
inform targeted public health and climate-adaptation
strategies. The year 2020 was selected because the
Seventh National Population Census provides the most
comprehensive ~ and  up-to-date  county-level
demographic data required for the vulnerability
assessment.

Following the framework of the Intergovernmental
Panel on Climate Change, heat vulnerability was
assessed across two dimensions: sensitivity and adaptive
capacity (5). The methodology applied in this study
included the following steps: indicator screening using
the Boruta algorithm, HVI calculation using principal
component analysis (PCA), and HVI validation.

This  study  first  compiled  demographic,
socioeconomic, and land-use variables for 2,844
counties nationwide (including urban districts, county-
level cities, counties, and autonomous counties) and
then extracted 323 counties with complete daily non-
accidental death data and daily maximum-temperature
records. Data from these 323 counties were used to
screen for HVI indicators to ensure that they were
objective and strongly associated with the proportion
of nonaccidental deaths on extreme-heat days. Boruta
analysis was conducted using indicators from these
counties as input variables and the proportion of non-
accidental deaths on extreme-heat days as the outcome.
The proportion is defined as the number of non-
accidental deaths on extreme-heat days divided by the
total number of non-accidental deaths during the
warm season (May—October). Extreme-heat days were
defined as days on which the daily maximum
temperature exceeded the 95th percentile of the
county-specific  historical ~ maximum-temperature
distribution during the warm season from 2013 to
2018. Boruta, a feature-selection algorithm based on
random forests, randomly permuted
“shadow features” and compares their importance with
that of the original variables. Through iterative
statistical testing, Boruta identifies all features that
exhibit a significant association with the outcome,
thereby reducing the subjectivity in the indicator
selection. Notably, the 323 counties used for indicator
screening and vulnerability validation span all seven
major geographical regions of China, covering diverse
climatic and socioeconomic contexts. The selected
indicators were applied uniformly to 2,844 county-
level units to construct the national HVI. The HVI
construction involved three main steps: indicator
normalization,  dimensionality  reduction,  and
composite-index  calculation.  First, all retained

constructs
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indicators were normalized to remove the influence of
different units. Second, PCA was conducted to address
the multicollinearity among the variables and reduce
redundancy across the indicator categories. The
proportion of total variance explained by each principal
component (PC) was obtained from the PCA output.
PC scores were classified into six ordered categories
(1-6) based on standard deviation (SD) intervals from
the mean to enhance interpretability and mitigate the
influence of extreme values: >2 SD below the mean,
1-2 SD below the mean (includes 1 SD below,
excludes 2 SD below), 0-1 SD below the mean
[includes the mean (0 SD), excludes 1 SD below], 0—1
SD above the mean [excludes the mean (0 SD),
includes 1 SD above], 1-2 SD above the mean
(excludes 1 SD above, includes 2 SD above), and >2
SD above the mean. Owing to the lack of clear
empirical evidence on the relative influence of each PC
on heat vulnerability, and to avoid subjective bias while
ensuring simplicity and reproducibility in index
construction, equal weights were assigned to all
retained PCs, and their scores were summed to
generate the HVI for each county (6). Finally, linear
regression was performed to evaluate the HVI
reliability using the proportion of non-accidental
deaths on extreme-heat days as the dependent variable
and HVI as the independent variable. Demographic
data were obtained from the China Population Census
Yearbook 2020; gross domestic product (GDP) data
were sourced from the 2021 China County Statistical
Yearbook and statistical bulletins of districts; air
conditioning (AC) was estimated using provincial-level
data adjusted by urban—rural population composition
(Supplementary Material, available at https://weekly.
chinacdc.cn/); and land-use data were derived from the
Geo-Simulation and Optimization System platform
(Supplementary Table S1, available at https://weekly.
chinacdc.cn/) (7). Daily non-accidental deaths were
provided by the China CDC, and daily maximum-
temperature data were obtained from the European
Centre for Medium-Range Weather Forecasts
(ECMWEF) (Supplementary Table S2, available at
https://weekly.chinacdc.cn/). All data processing and
analyses were performed using R software (version
4.4.1; R Core Team, Vienna, Austria) and ArcGIS
(version 10.8; Esri, Redlands, CA, USA).

As shown in Figure 1, we identified 10 key
indicators that were significantly associated with the
proportion of non-accidental deaths on extreme-heat
days. These included AC, population density, aged >
65 years and <5 years, illiteracy ratio, proportion of
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FIGURE 1. Ranking of heat-vulnerability indicators screen (N=323).

Note: Green indicates features with importance significantly higher than the shadow features and are thus retained; yellow
indicates features with importance comparable to the shadow features and require further iterative assessment; blue
represents the shadow features; red indicates features with importance lower than the shadow features and are thus

removed.
Abbreviation: GDP=gross domestic product.

education below senior high school, GDP, and
proportions of urban, water, and grassland areas.
Supplementary Figure S1 (available at https://weekly.
chinacdc.cn/) shows a scree plot used to determine the
number of PCs. We selected PCs with eigenvalues
greater than 1, and four PCs were extracted, which
cumulatively explained 76% of the variance in the
original 10 variables (Table 1). PC1 represented the
residential environment and resource allocation,
characterized by high loadings on AC, population
density, and grassland. PC2 reflected population
structure and social vulnerability, comprising ages <5
and >65 years, as well as the illiteracy ratio. PC3
captured  educational-attainment  and  urban-
development levels, represented by the proportion of
people who were educated below senior high school
and in urban areas. PC4 was dominated by water-body
proportion, indicating local hydrological features.
Supplementary Figure S2 (available at https://weekly.
chinacdc.cn/) shows a frequency distribution of HVI.
The spatial analysis revealed pronounced regional
variations in heat vulnerability across China (Figure 2).
Counties with high vulnerability were primarily
Southwestern ~ China, including

concentrated in
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Yunnan, Guangxi, Sichuan, Guizhou, and Tibet,
whereas low-vulnerability areas were mainly distributed
in South China and the eastern coastal regions. Results
from the linear regression analysis, conducted after
confirming a clear linear relationship between the HVI
and proportion of non-accidental deaths on extreme-
heat days, indicated that each one-unit increase in HVI
was associated with an average 2.41% increase in the
proportion of non-accidental deaths on extreme-heat

days (95% confidence interval: 1.05, 3.77%, P<0.05).

DISCUSSION

This study comprehensively assessed county-level
heat vulnerability across China in 2020 using a
machine-learning-based approach and confirmed a
significant positive correlation between the HVI and
proportion of non-accidental deaths on extreme-heat
days. These findings revealed pronounced spatial
disparities in heat vulnerability nationwide.

A major methodological contribution of this study is
the integration of machine learning into indicator
selection. Using the Boruta algorithm, the 10
indicators most strongly associated with the proportion

Chinese Center for Disease Control and Prevention
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TABLE 1. Factor loadings of the heat-vulnerability indicators in Chinese counties (N=2,844).

Indicators PC1 PC2 PC3 PC4
Air conditioner (sets per 100 households) 0.79* 0.14 0.05 0.20
Population density (persons/km?) -0.77* 0.05 -0.39 -0.09
Age ratio (age <5) (%) -0.14 0.88* 0.17 0.13
Age ratio (age >65) (%) -0.24 -0.78* 0.27 -0.09
llliteracy ratio (%) 0.32 0.72* 0.28 -0.16
Education below high school (%) 0 0.07 0.88* 0.07
Urban area (%) 0.20 0.04 0.78* 0
GDP (10,000 CNY) 0.60 -0.03 0.56 0.78*
Grassland area (%) -0.70* -0.43 0.10 0.16
Water area (%) 0.15 0.06 0.09 0.93*

Abbreviation: GDP=gross domestic product; PC=principal component; CNY=Chinese Yuan.

* Absolute values >0.7 are the most significant loadings on that factor.
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FIGURE 2. Spatial distribution of heat vulnerability in counties of China in 2020 (N=2,844).

Map approval number: GS 5t (2026)0497 5.

of non-accidental deaths on extreme-heat days were
objectively identified. This overcame the subjectivity of
the literature or expert-based selection and enhanced
the scientific rigor and robustness of the HVI by
These

indicators reflect multiple dimensions of population

avoiding weakly correlated variables (8).
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characteristics, socioeconomic  conditions, and

environmental features. Therefore, these indicators not
only help explain the underlying mechanisms driving
regional differences in heat vulnerability but also
provide clear public health and heat adaptation
implications. For regions with higher vulnerability,
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more targeted public health preparedness, greater
protection of sensitive populations, strengthened social
support, and environmental resilience may be required.

Southwestern China has been consistently identified
as a region with persistently high heat vulnerability,
which is consistent with earlier research (9). This
consistency underscores the stability of vulnerability
patterns in this region over the past decade, suggesting
that Southwestern China should remain a focal area for
heat-related health prevention and adaptation.
Moreover, the results highlight the dynamic nature of
heat vulnerability across China. Vulnerability has
increased significantly in several south-central regions,
whereas some northern areas have experienced a
decline. These spatiotemporal shifts indicate that heat
vulnerability is not static but evolves in response to
climate change, socioeconomic development, and
policy-driven adaptation measures (10).

This study had several limitations. First, the HVI
was constructed using 2020 indicator data, whereas
mortality and meteorological data were from 2013 to
2018, creating a temporal mismatch that may bias the
indicator selection and affect the consistency between
the HVI and mortality validation. To reduce this bias,
six years of daily non-accidental deaths were aggregated
to calculate the proportion of deaths on extreme heat
days, which smoothed interannual fluctuations and
provided a more stable estimate than the single-year
data. Additionally, owing to data constraints, county-
level AC was estimated using provincial urban—rural
AC data combined with county-level population
structures. This derived measure may introduce
uncertainty and cannot fully reflect true county-level
AC levels; however, it represents the most feasible and
reasonable approach under the current data conditions.
Finally, an equal-weighting method was adopted to
aggregate all the retained PCs, which did not fully
consider the actual relative importance of each
component to heat vulnerability. In future research,
more refined weighting strategies, such as regression
coefficient-based ~ weighting, Bayesian hierarchical
models, and data-driven machine-learning approaches,
may be further index
construction.

In conclusion, this study refined the heat-
vulnerability-assessment framework by incorporating
machine learning techniques and provided an updated
county-level HVI for China in 2020. The findings
substantial ~ spatial
Southwestern China exhibiting a significantly higher
vulnerability than the southern and eastern coastal

explored to optimize

revealed heterogeneity, with
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regions. These results offer an accurate understanding
of current vulnerability patterns and provide a
scientific foundation for public health planning,
targeted resource allocation, and climate-adaptation
strategies to mitigate the health impacts of extreme
heat.
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SUPPLEMENTARY MATERIALS

SUPPLEMENTARY TABLE S1. Basic information on all indicator data (N=2,844).

Indicators Definition Year Spatial scale Data source Data handling

Population
density
(people/km?)

The per-km? population
size in each county

Proportion of illiterate
llliteracy ratio  individuals among the
(%) population aged >15
years (%)
The Seventh National Population

Age ratio (age < Proportion of individuals -
g (ag p 2020 County-level Census (2020)

5) (%) aged under 5 years (%)
Age ratio (age > Proportion of individuals
65) (%) aged >65 years (%)
Proportion of individuals
Education below  aged >6 years with

high school (%) education lower than
high school (%)

China County Statistical

GDP (10,000 . N Yearbook (Township & County
CNY) Gross domestic product 2020 County-level Volume) 2021, and statistical /
bulletins of urban districts
Air-conditioner Converted to county-level usin
AC ownership per 100 2020 31 provinces China Statistical Yearbook 2021 y ¢

households Equation (1).
To harmonize all raster datasets
with a spatial resolution of 1 km
to the county-level, we
aggregated the grids using
ArcGIS zonal statistics. Each

Including cropland,

-] Geographical Simulation and

Land use/land Optimization System (GeoSOS)

grassland, water, urban 2020 1 km x 1 km ) : . ~county boundary was treated as
cover (%) http://www.geosimulation.cn/Chin .
area, shrubland, and a SSP-RCP 1km.html a zonal unit, and all 1-km raster
ice/snow - - ' cells within the zone were

summarized based on the
variable type to produce county-
level indicators.

Note: The land use/land cover dataset was developed by Luo et al. and provides a 1-km resolution land-use/land-cover dataset for China for
2020-2100 across 24 SSP-RCP scenario combinations (including five SSP baseline scenarios). It includes eight land-use types: urban,
cropland, forest, grassland, shrubland, water, bare land, and ice/snow, and is publicly available in the GeoTIFF format. The dataset has
been validated through multiple approaches and calibrated against the 2010 European Space Agency Climate Change Initiative
observations, achieving an overall accuracy of 0.82 and a Kappa coefficient of 0.66, with area deviations for major land types controlled
within £5%. In this study, we specifically used the 2020 data under the “SSP2 Baseline” scenario. Although different SSP scenarios show
some minor variations in 2020, the spatial patterns of key land classes (e.g., cropland, forest, and urban land) remain highly consistent
across scenarios; thus, selecting any scenario for the baseline year does not materially affect the main results. The SSP2 Baseline
scenario, which assumes conventional socioeconomic development, best reflects China’s actual development conditions in 2020 and
provides a realistic representation of land-use patterns for the base year.

Abbreviation: CNY=Chinese Yuan.

Air-conditioning Factor in Each County
The conversion of the provincial air-conditioner ownership per 100 households to county data:

AC = ACg xPOPg + ACy x POPy €))
AC: Air-conditioner ownership per 100 households
ACgR: Air-conditioner ownership per 100 rural households
POPR: Proportion of rural population
ACyy: Air-conditioner ownership per 100 urban households
POPy;: Proportion of urban population

Chinese Center for Disease Control and Prevention CCDC Weekly / Vol. 8/ No. 14 S1
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SUPPLEMENTARY TABLE S2. Basic information on non-accidental deaths and meteorological data (N=323).

Temporal
resolution

Variables Year Spatial resolution Source Data description and preprocessing

The data were spatially aggregated at the
county level by first extracting all grid
cells within the administrative boundaries
of each county, calculating the daily
maximum temperature for each grid cell
from hourly data, and then averaging
these values to obtain a county-level daily
maximum temperature time series.

ECMWF
2013-2018 hourly 0.1°x0.1° https://cds.climate.
copernicus.eu/

Maximum
temperature

The mortality data were obtained from the
China CDC via the Chinese
Environmental Public Health Tracking
and Risk Assessment Platform. Counties
were included in the analysis if they met
the following conditions: 1) participation in
the national mortality surveillance network
of the China CDC or the existence of a
standardized local death-registration
system; 2) an average annual mortality
rate greater than 4.5%o; 3) stable
temporal patterns in mortality reporting
over the study period; and 4) year-to-year
variability in mortality rates below 20%.
The final dataset covered approximately
222 million residents across seven major
geographical regions of China and
comprised approximately 6.36 million
registered deaths, among which 5.93
million were classified as non-accidental.
Ethical approval for the use of these data
was granted by the Ethical Review
Committee of the National Institute of
Environmental Health, Chinese Center for
Disease Control and Prevention (approval
number: 202102).

Non- 323 counties (including urban
accidental  2013-2018 daily districts, county-level cities, China CDC
deaths counties)

3.5 1

S 3.0

2.5 1

2.0 A X

Eigenvalues of principal components
"

Component number

SUPPLEMENTARY FIGURE S1. Scree plot with parallel analysis for determining the number of retained principal
components.

Note: The blue lines represent the actual eigenvalues of each principal component, the red dashed lines denote the
eigenvalue reference lines derived from parallel analysis, and the horizontal line is the reference line corresponding to an
eigenvalue of 1.
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SUPPLEMENTARY FIGURE S2. Frequency distribution of HVI in China.
Abbreviation: HVI=heat vulnerability index.
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