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Air pollution is the primary environmental risk factor contributing to global cardiovascular mortality. In

China, a series of air pollution control policies launched in 2013 have led to substantial improvements in

air quality over the past 10 years. However, the health benefits of improved air quality on cardiovascular

mortality remain unclear under the combined effects of climate change and population aging. In this

study, we investigated dynamic changes in the contribution of air pollution, meteorological conditions

and aging to cardiovascular mortality over 9 years (2013–2021) in Guangzhou, China using generalized

additive models and machine learning analysis. Although the air quality in Guangzhou has continuously

improved since 2013, cardiovascular mortality has increased since 2019 and approached 2013 levels in

2021. Use of the SHapley Additive exPlanation (SHAP) approach to interpret the model outputs revealed

that meteorological factors have gradually replaced air pollutants as the main environmental factors

affecting cardiovascular mortality since 2016. Concurrently, the impact of population aging on

cardiovascular mortality has increased year-on-year. Our results provide important insights into

improved air quality related health benefits that could aid development of an early warning service

system and national environmental and public health policy related to climate change and population aging.
Environmental signicance

Aside from personal lifestyle (unhealthy diet, physical inactivity, tobacco use and harmful use of alcohol), current environmental and social risk factors, such as
air pollution, meteorological conditions and population aging, contribute substantially to deaths from CVDs. In our study, we investigated dynamic changes in
the contribution of air pollution, meteorological conditions and aging to cardiovascular mortality over 9 years (2013–2021) in Guangzhou, China using
generalized additive models and machine learning analysis. Our results provide important insights into improved air quality related health benets that could
aid development of an early warning service system and national environmental and public health policy related to climate change and population aging.
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1. Introduction

Like most countries and regions in the world, the incidence and
mortality of cardiovascular diseases (CVDs) remain high in
China. The Annual Report on Cardiovascular Health and
Diseases in China (2021) stated that 330 million individuals
suffer from CVDs and two out of every ve deaths were due to
CVDs in 2019.1 Growing evidence has demonstrated that air
pollution is signicantly associated with cardiovascular
mortality, especially in some polluted regions in Asia.2–6 In
response, governments are increasingly adopting policies to
improve air quality, and such prevention and control actions to
some extent have curbed further increases of air pollution.
However, the health benets of improved air quality on
cardiovascular mortality remain unclear and quantifying the
Environ. Sci.: Adv., 2023, 2, 215–226 | 215
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impact of current policies is important to meet people's
requirements on environment health.

Aside from personal lifestyle (unhealthy diet, physical inac-
tivity, tobacco use and harmful use of alcohol), current envi-
ronmental and social risk factors, such as air pollution,
meteorological conditions and population aging, contribute
substantially to deaths from CVDs. In the last decade, climate
change has been identied as one of the greatest health threats
of the 21st century. Cardiovascular mortality attributable to
extrememeteorological conditions is estimated to be increasing
in the world and is greatest in Asia.7,8 Meanwhile, population
aging is accelerating globally at an unprecedented rate. There-
fore, age structure cannot be neglected when assessing the
responses of improved air quality on health and developing
further local or regional air quality policies to reduce the health
impact of air pollution.9–11 However, although several studies
have investigated the health outcomes of continuously
improved air quality under the combined effects of climate
change and rapid population aging, there is still a lack of
systematic and comprehensive analysis.12–14

Most air pollutants andmeteorological conditions, as well as
age, affect cardiovascular health in a nonlinear way.15–17 The
main strategy of classical epidemiological approaches like
general linear or additive models is to isolate the risk factors of
cardiovascular death by assuming other factors are xed. Such
models can explain the direction and corresponding uncer-
tainty of an association between one or several (environmental)
risk factors and health, thereby adjusting for potential con-
founding factors.18,19However, they are of limited use in cases of
high correlation and/or high-dimensional interactions between
the covariates. In contrast, machine learning approaches can
(partly) handle these issues and enable the importance and
Fig. 1 The block diagram of the research process.

216 | Environ. Sci.: Adv., 2023, 2, 215–226
predictive performance of a multitude of environmental
predictors to be compared.20

Guangzhou, with a permanent population of over 18.8
million in 2021, is the region with the highest degree of open-
ness, strongest economic vitality and most improved air quality
in China.21 However, it also suffers the health burden of both
climate change and population aging. In this study, we applied
multiple statistical methods to evaluate the health benets of
improved air quality on cardiovascular health under the
combined effects of climate change and population aging, in an
effort to provide strong epidemiologic evidence and policy
implications to better frame environmental and public health
policy.
2. Methods
2.1. Study domain and data collection

Guangzhou, a central city of the Pearl River Delta, is the
economic center of south China. Its climate is mostly affected
by subtropical monsoons. It was estimated to have a permanent
population of 18.8 million at the end of 2021.21

Data concerning local air pollutants (PM2.5, SO2, NO2, CO
and O3) and meteorological conditions (temperature, relative
humidity, rainfall, air pressure, wind speed and illumination
time) were obtained from monitoring stations in Guangzhou
established by the Guangzhou Municipal Ecological Environ-
ment Agency and Guangzhou Meteorological Service. Diurnal
statistics on cardiovascular deaths (ICD – 10 codes I00–I99)
from 2013 to 2021 were obtained from the Guangzhou Center
for Disease Control and Prevention, including information on
education level, gender, address, age, date of death and cause of
death.
© 2023 The Author(s). Published by the Royal Society of Chemistry
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2.2. Overview of research framework

This study attempts to use data mining and machine learning
methods to analyze and predict the main environmental expo-
sure factors affecting cardiovascular mortality in Guangzhou.
The data sets used include meteorological, pollutant concen-
trations and cardiovascular mortality. Firstly, the data mining
method of generalized additive model is used to analyze and
determine the lag days of each factor to generate a new data set.
The 85% part is used as the training set of machine learning,
and 15% is used as the verication set to complete the ten-fold
cross validation (CV). Then SVM, ANN, XGBoost and LGBM are
used to construct the prediction model. Then the model is
evaluated, the performance of each model is compared, and the
most suitable machine learning method is selected. Finally, we
use the best prediction model to predict cardiovascular
mortality in Guangzhou and Qijiang District of Chongqing, in
order to modify the model and verify its robustness. An overview
of the research framework is shown in Fig. 1.
2.3. Feature extraction based on the association between
environmental factors and cardiovascular mortality

Daily cardiovascular deaths are a small probability event for the
general population, with a statistical distribution similar to the
Poisson distribution.22 Therefore, this study used a Poisson
regression model for time series data. On the basis of excluding
the long time series effect, weekend effect and meteorological
factors, the pollutant concentration was introduced into the
model as a linear variable to determine the correlation between
different types of pollutants and cardiovascular mortality. Then,
based on the annual air quality in Guangzhou, we divided the
study dates into three stages: 2013–2015, 2016–2018, and 2019–
2021 to explore the changes in the impact of pollutants on
cardiovascular mortality at different stages. In the model, the
single pollutant model was tted by a smooth spline function to
calculate the excess risk (ER) and 95% condence interval (95%
CI) of daily cardiovascular death risk increased or decreased
aer the xed value of pollutants (PM2.5, SO2, NO2, O3 increased
by 10 mg m−3, CO increased by 1mgm−3) increased. At the same
time, the stepwise regression method was used to t the multi-
pollutant model and control the collinearity, so as to establish
the exposure-response relationship between the concentration
of pollutants and the percentage increase of cardiovascular
events. Similarly, aer controlling the confounding factors of
pollutants, we can also use the generalized additive model to
explore the inuence of meteorological factors on cardiovas-
cular mortality. The specic formula of the model is as follows.

Log[E(Yi)] = bXi + s(time, df1)

+ s(meteorological factors/pollutants, df2) + DOW + a (1)

where i is the day of the observation; E(Yi) represents the data
expectation of cardiovascular mortality on the observation day;
b is the regression coefficient of the model; Xi refers to the level
of atmospheric pollutants/meteorological factors on the day of
observation; s means the smoothing spline to control for the
nonlinear relationships and a is the model residual; DOW
© 2023 The Author(s). Published by the Royal Society of Chemistry
denotes the Sunday variable used to control short-term uctu-
ations in the daily death sequence, which means that mortality
varies between different days of the week; time was used to
represent the sequence of daily cardiovascular disease deaths;
pollutants include PM2.5, SO2, O3, CO and NO2. Meteorological
factors include temperature, air pressure, relative humidity
(RH), illumination time (IT), rainfall and wind speed. df1 is the
degree of freedom in the nonparametric smoothing function to
control the long-term and seasonal trends of daily death
sequences; df2 is the degree of freedom of controlling meteo-
rological factors/pollutants in the nonparametric smoothing
functions. According to previous studies, df1 is set at 7 per year
and df2 at 3.23,24

An increasing number of epidemiological studies have
shown that the effects of meteorological conditions and air
pollutants on cardiovascular mortality lag to an extent that
depends on the regional environment.25 Therefore, we sepa-
rated the hysteresis effects of air pollutants and meteorological
conditions on cardiovascular mortality in Guangzhou using an
over-dispersed GAM and chose the lag day based on minimum
generalized cross validation (GCV) values, which measure the
model's t.26 Effects of single day lags (from lag0 to lag6) and
cumulative day lags (from lag01 to lag06) were taken into
consideration.27
2.4. Establishment and verication of machine learning
models

Four different machine learning methods, i.e., SVM (support
vector machines), ANN (articial neural network), XGBoost
(extreme gradient boosting) and LGBM (light gradient boosting
machine) were used to establish and compare predictivemodels
and conduct external validation to determine the best model
performance. SVM28 can be divided into linear SVM (linear SVR)
and nonlinear SVR in the regression task. Considering that the
relationship between environmental factors and cardiovascular
diseases is not necessarily linear correlation, this study uses the
Sklearn library to construct a nonlinear SVM model to t the
data. The inspiration of ANN comes from the network structure
of human nervous system, and the activity of neurons is simu-
lated by mathematical model.29,30 In this study, the Pytorch
package is used to construct a three-layer ANN model. XGBoost
is improved based on the decision tree machine learning algo-
rithm.31,32 The regularization term is added to the objective
function, and the loss function uses the rst-order derivative
and the second-order Taylor series as the cost function to retain
more information of the objective function, avoiding the over-
tting of the model and ensuring the robustness of the
model. LGBM is an improvement of XGBoost algorithm, which
has made great progress in the processing of feature dis-
cretization data. In particular, the efficiency of processing large
data sets is higher than that of the ordinary decision tree
model.33,34

All the above models are trained and tested on the 85/15
percentage segmentation of the dataset by stratied random
sampling. Due to the different scales of each variable, we
normalize the independent variable by min–max in this study.
Environ. Sci.: Adv., 2023, 2, 215–226 | 217
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In terms of model hyperparameters, this study uses grid search
to optimize the parameters of each machine learning model. In
order to avoid the possibility of overtting, this study used k-
fold based on sklearn to cross-validate the model (10 od),
and each method was trained 30 times and compared.

To evaluate the performance of the model, we use R2 (coef-
cient of determination, regression score function), RMSE (root
of mean squared error regression loss), MSE (mean squared
error regression loss), MAE (mean absolute error regression
loss), MAPE (mean absolute percentage error regression loss),
max_error (the max_error metric calculates the maximum
residual error), MPD (mean poisson deviance regression loss)
and MGD (mean gamma deviance regression loss) were used as
evaluation indexes to analyze the relationship between the
actual value and the predicted value of cardiovascular mortality.
At the same time, according to the data set of environmental
exposure and cardiovascular mortality in Chongqing City from
2020 to 2021, we used the optimal model to predict the local
cardiovascular mortality, so as to verify the robustness and
portability of the model.

In addition, as the above machine learning “black box”
models lack interpretability, Lundberg and Lee proposed
a SHAP (SHapley Additive exPlanation) method to explain the
output of the models.35 SHAP constructs an additive interpre-
tation model based on game theory36 and local interpretation.37

All features are regarded as “contributors”. Its core idea is to
calculate the marginal contribution of the output of the model
to explain the “black box model”. In this study, we applied the
SHAP method to LGBM modeling results to identify and
quantify the key environmental exposure factors for cardiovas-
cular mortality.
2.5. Effect decomposition of population aging on
cardiovascular mortality

To explore the contribution of various factors to cardiovascular
mortality, we used an improved method by Chen et al. to
decompose the annual mortality change from 2013 to 2021 into
two components: mortality caused by population aging and
mortality caused by factor changes.38,39 The factors could be any
factor other than population aging, including protective or risk
factors associated with changes in mortality. We represented
this process using the following formulae:

Ma ¼
X3

i¼1

ðsi2 � si1Þmi1 (2)

Mf ¼
X3

i¼1

ðmi2 �mi1Þsi1 (3)

Iaf ¼
X3

i¼1

ðsi2 � si1Þðmi2 �mi1Þ (4)

whereMa andMf represent the main effects of population aging
and factor variation, respectively, Iaf represents the bidirectional
interaction of two components, mij and sij represent the
mortality rate by age and the proportion of the ith age group
218 | Environ. Sci.: Adv., 2023, 2, 215–226
(three age groups: 0–44, 45–64, 65+), respectively, and j repre-
sents the year. Mortality changes due to population aging and
changing factors were calculated as follows:

A = Ma + 0.5 × Iaf (5)

F = Mf + 0.5 × Iaf (6)

where A is the mortality rate attributable to population aging
and F is the mortality rate attributable to factor variation.
3. Results and discussion
3.1. Trends in environmental factors associated with
cardiovascular mortality

Fig. 2 shows trends in the cardiovascular mortality and main
environmental factors in China. From 2013–2021, a total of 181
171 cardiovascular deaths occurred within the whole area of
Guangzhou, with an average daily death rate of 55. Cardiovas-
cular mortality showed a uctuating downward trend from 2013
to 2018, then increased to 226.19 per 100 000 people in 2021,
close to the level of 2013 (Fig. 2a and Table 1). From 2013 to
2021, concentrations of SO2, PM2.5, CO and NO2 decreased over
time by 62.12%, 53.94%, 32.30% and 30.58%, respectively
(Fig. 2b and Table 1), possibly due to the State Council of China
implementing the Air Pollution Prevention and Control Action
Plan (APPCAP) in 2013.40,41 However, O3 was the only air
pollutant that demonstrated increased levels during the study
period. This result is consistent with those reported in other
Chinese cities andmight be due to unbalanced reductions in its
precursors of NOx or volatile organic compounds (VOC) levels
from anthropogenic sources, as well as warmer and drier
meteorological conditions.42–46 Additionally, two excessive
pollutants, PM2.5 and SO2, reached the National Ambient Air
Quality Standards of China since 2016 and 2019, respectively.47

Among the six main meteorological parameters, the change in
temperature was the most stable and signicant. From 2013,
the temperature continued to rise, reaching 24 °C in 2021, an
increase of 1.5 °C compared with 2013 (Fig. 2c).

Fig. 3 displays the excess risk and 95% condence intervals
of concentration changes of atmospheric pollutants in
Guangzhou from three stages on cardiovascular mortality in
single pollutant model. We observed that all ve pollutants were
signicantly associated with cardiovascular mortality in 2013–
2015 and CO had the most signicant effect. SO2 had the most
signicant impact in 2016–2018, with an increase of 10 mg m−3,
cardiovascular mortality increased by 5.54% (95%CI: 2.02–
9.19%) at lag1. It is worth noting that during 2019–2021 when
the environmental quality was improved, the impacts of PM2.5

and SO2 at lag1 were particularly signicant, reaching 1.53%
(95%CI: 0.84–2.23%) and 16.61% (95%CI: 9.19–24.53%),
respectively. Similarly, some domestic studies in China have
also found this phenomenon. For example, a previous study in
Hefei city reported that when SO2 concentrations were low, the
impact of SO2 on cardiovascular mortality was greater than high
concentrations.48 Wu et al. found that although the environ-
mental PM level in Guangzhou decreased signicantly in recent
© 2023 The Author(s). Published by the Royal Society of Chemistry
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Fig. 2 Variations in cardiovascular mortality and key environmental factors during 2013–2021 in Guangzhou: (a) annual cardiovascular mortality,
(b) annual average concentrations of PM2.5, SO2, NO2, CO and O3, (c) annual average temperature.

Table 1 Annual air pollutant concentration data and meteorological data for Guangzhou, China, 2013–2021

Year 2013 2014 2015 2016 2017 2018 2019 2020 2021

Wind speed (m s−1) 2.45 2.22 2.30 2.23 2.20 2.23 2.18 2.39 2.19
Temperature (°C) 22.30 22.40 23.30 22.40 22.80 22.70 23.10 23.10 24.00
Air pressure (hpa) 1004.7 1004.9 1005.2 1004.7 1005.3 1004.7 1004.5 1005.4 1004.8
RH (%) 80.77 78.45 78.12 81.81 80.33 81.71 81.84 79.29 76.19
IT (h) 1637 1743 1630 1520 1753 1598 1650 1683 1879
Rainfall (mm) 2015 2009 2045 2638 2034 1926 2336 1821 1436
SO2 (mg m−3) 20.02 18.57 14.37 11.97 11.95 10.58 7.86 6.87 7.58
PM2.5 (mg m−3) 51.93 47.97 37.76 33.34 33.27 31.70 28.87 25.34 23.92
NO2 (mg m−3) 49.45 47.45 42.67 40.61 43.58 41.68 37.67 34.36 34.33
O3 (mg m−3) 87.88 95.26 85.64 80.67 92.82 94.44 94.80 94.67 102.67
CO (mg m−3) 1059.27 1044.23 938.87 922.05 873.17 844.96 797.61 744.54 717.17
Mortality (per 100 000 people) 226.67 222.87 211.81 224.92 221.70 219.73 220.40 224.06 226.19
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years, the risk of cardiopulmonary death related to PM2.5 and
PM10 was still signicant, and the risk of respiratory death even
increased.49 These results indicated that, even in the low
concentration of PM2.5 and SO2 environment, the government
cannot ignore the impact of the above two pollutants on the
health of residents.

Fig. 4 shows the percentage change of cardiovascular
mortality for every 10 units increases in the level of meteoro-
logical factors under different lag days in the model. Aer
controlling for air pollution and other factors, temperature and
air pressure were signicantly associated with increased/
decreased cardiovascular mortality. In the stage of 2019–2021
with the highest annual average temperature, the inuence of
extreme high temperature is also the strongest, for every 10
units increase in temperature, cardiovascular mortality
increased by 11.09%. Exposure to high temperature may stim-
ulate the body's self-regulation to maintain heat balance, which
© 2023 The Author(s). Published by the Royal Society of Chemistry
leads to increased cardiac load, dehydration and salt exhaus-
tion.50 In addition, for every 10 units increase in air pressure,
cardiovascular mortality decreased by 4.69%, 3.77% and 8.97%,
respectively. A previous study in Guangzhou also found an
association between barometric pressure and cardiovascular
mortality, indicating that there was a 2.27% increase in
cardiovascular mortality compared with the 5th and 25th
percentile of atmospheric pressure.51 This nding is consistent
with our results.
3.2. Assessing the importance of environmental factors
toward cardiovascular mortality via machine learning models

When using machine learning to predict cardiovascular
mortality, we considered features of time series characteristics,
air pollutants and meteorological conditions. Based on the
above association analysis between environmental factors and
cardiovascular mortality, GCV values of temperature, relative
Environ. Sci.: Adv., 2023, 2, 215–226 | 219
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Fig. 3 Excess risk (ER) and 95% confidence interval (95%CI) of cardiovascular mortality in a single pollutant model with increased concentrations
of pollutants (PM2.5, SO2, NO2, O3 increased by 10 mg m−3, CO increased by 1 mgm−3) with different lag days. Statistically significant associations
are represented by lines with hollow circles. Horizontal lines represent the average concentration of pollutants in each period. Vertical bars
denote 95% confidence intervals.
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humidity, rainfall, wind speed, air pressure, illumination time,
PM2.5, SO2, NO2, CO and O3 were the smallest at lag06, lag05,
lag05, lag06, lag06, lag04, lag1, lag1, lag0, lag0 and lag2,
respectively.

The results are similar to a previous study in Chengdu, but
somewhat inconsistent.26 Due to differences in pollution char-
acteristics and climatic factors between cities, the lag time of
Fig. 4 Excess risk (ER) and 95% confidence interval (95%CI) for cardiov
different lag days. Statistically significant associations are represented
concentration of pollutants in each period. Vertical bars denote 95% co

220 | Environ. Sci.: Adv., 2023, 2, 215–226
environmental factors on cardiovascular mortality is also
different.

Aer identifying 16 time features and environmental factors
through GAM, we used machine learning methods for model
construction to avoid the problem of traditional epidemiolog-
ical methods of not handling high correlations between cova-
riates. Compared to the constructed SVM, ANN, and XGBoost
ascular mortality after 10 unit increases in meteorological factors for
by lines with hollow circles. Horizontal lines represent the average
nfidence intervals.

© 2023 The Author(s). Published by the Royal Society of Chemistry
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Table 2 Performance evaluation of four alternative prediction models

Method SVM ANN XGBoost LGBM

Score Train Test Train Test Train Test Train Test

R2 0.6081 0.4906 0.6460 0.6240 0.7735 0.7462 0.8824 0.8676
RMSE 0.0808 0.0913 0.0766 0.0788 0.0613 0.0646 0.0441 0.0466
MSE 0.0065 0.0083 0.0059 0.0062 0.0038 0.0042 0.0019 0.0022
MAE 0.0649 0.0650 0.0549 0.0590 0.0426 0.0425 0.0302 0.0353
MAPE 0.1213 0.1332 0.1147 0.1185 0.0921 0.0946 0.0654 0.0698
Max_Error 0.4660 0.2928 0.4510 0.3002 0.2740 0.2195 0.2083 0.1478
MPD 0.0123 0.0123 0.0115 0.0115 0.0074 0.0074 0.0041 0.0041
MGD 0.0209 0.0253 0.0197 0.0208 0.0129 0.0140 0.0072 0.0077

Paper Environmental Science: Advances

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 1

3 
Su

ng
ut

i 2
02

3.
 D

ow
nl

oa
de

d 
on

 2
02

6-
02

-2
1 

11
:0

9:
06

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n-

N
on

C
om

m
er

ci
al

 3
.0

 U
np

or
te

d 
L

ic
en

ce
.

View Article Online
models, LGBM performed best across eight different model
evaluation metrics (Table 2). SVM as a machine learning using
hyperplane segmentation sample has poor performance in
dealing with high latitude and nonlinear correlation data sets
(train R2: 0.5988–0.6191, test R2: 0.4231–0.5388). ANN algorithm
tends to follow the sample mean prediction, and it is difficult to
predict specic peak data in the dataset. Gabriela Polezer et al.
have also found this problem in using ANN to evaluate the
impact of PM2.5 on respiratory diseases in Curitiba, Brazil.52 At
the same time, ANN algorithm is prone to over-tting when
setting too many neurons and the network structure is too
complex. The ensemble learning method embodies high accu-
racy in this data. Compared with common machine learning
methods, the ensemble learning method combines multiple
weak learners to form a strong learner, so that the model has
stronger generalization ability. In the data set of this study, such
Fig. 5 SHAP summary plot. Each factor is arranged from high to low acco
more details about how each risk factor affects cardiovascular mortality

© 2023 The Author(s). Published by the Royal Society of Chemistry
as year, month, day, holiday and other category data, LGBM
method can directly model the category data without one-hot
key encoding. Compared with machine learning methods
such as SVM and ANN, LGBM can learn the implicit informa-
tion in the data set as much as possible, and has higher
prediction ability than other machine learning algorithms. The
R2 of LGBM model migration to Qijiang District of Chongqing
for prediction is 0.793. Aer replacing the study area, the LGBM
model still maintained high accuracy, indicating that the model
has strong robustness and portability.

Aer studying the SHAP map (Fig. 5) and the results of
independent variable importance ranking in the process of
machine learning training (Fig. 6), we found that the contri-
bution of climatic factors to cardiovascular mortality in
Guangzhou gradually increased. In 2013–2015, air pollutants
were the main environmental factors affecting cardiovascular
rding to the average value of its SHAP absolute value. Each line provides
. Red (blue) points represent high (low) values of risk factors.

Environ. Sci.: Adv., 2023, 2, 215–226 | 221

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d2va00303a


Environmental Science: Advances Paper

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 1

3 
Su

ng
ut

i 2
02

3.
 D

ow
nl

oa
de

d 
on

 2
02

6-
02

-2
1 

11
:0

9:
06

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n-

N
on

C
om

m
er

ci
al

 3
.0

 U
np

or
te

d 
L

ic
en

ce
.

View Article Online
mortality. However, over the next two periods, i.e., 2016–2018
and 2019–2021, the contribution of air pressure, rainfall and
illumination time gradually increased and exceeded the
contribution of pollutants.
Fig. 6 Independent variable importance ranking diagram.

222 | Environ. Sci.: Adv., 2023, 2, 215–226
Low temperature was the main environmental factor
affecting cardiovascular mortality in Guangzhou in 2013–2015.
As mentioned above, low temperatures can aggravate the
impact of some pollutants on cardiovascular mortality. In
© 2023 The Author(s). Published by the Royal Society of Chemistry
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addition, low temperatures can have a direct effect on cardio-
vascular mortality. Studies have shown that cold temperatures
can adversely alter plasma lipid concentrations, making
abnormal thrombosis more likely and having a potential
chronic atherogenic effect, increasing the risk of cardiovascular
death.53 In China and the Czech Republic, national long-term
series studies on the relationship between ambient tempera-
ture and cardiovascular mortality have consistently found that
low temperatures cause signicant cardiovascular mortality
risks and burdens to the region.54,55

In 2016–2018, the contribution of air pressure to cardiovas-
cular mortality in Guangzhou exceeded that of pollutants and
became the main environmental factor aer temperature.
Atmospheric pressure controls the circulation pattern of air
masses. Therefore, changes in atmospheric pressure can
change the temperature, rainfall and wind, resulting in a huge
impact of climate change on health.51 A study in the US state of
Texas linked a rapid decline in air pressure to the onset of acute
myocardial infarction, conrming the effects of air pressure on
CVDs.56

It is worth noting that during 2019–2021, rainfall and illu-
mination time were key factors affecting cardiovascular
mortality in Guangzhou. From 2019–2021, rainfall decreased by
28.77% compared to 2013 (Table 1). We found that rainfall
negatively correlated with cardiovascular mortality, consistent
with other studies in some regions. For example, a study from
the United States found that increased rainfall was associated
with reduced cardiovascular hospitalizationmortality. The odds
ratio (OR) for cardiovascular mortality was calculated as 0.95 for
every 10 mm increase in rainfall (CI 0.90–1.00, P = 0.035).57
Fig. 7 Effect of population aging on cardiovascular mortality in Guangzh
deaths by age group, (c) contribution of different factors to the increase

© 2023 The Author(s). Published by the Royal Society of Chemistry
Further, Khamutian et al. found that in Kermanshah, Iran,
reduced rainfall increased hospitalizations for CVDs.58 Simi-
larly, in the past 3 years in Guangzhou, illumination time has
been shown to be negatively correlated with cardiovascular
mortality. Studies have shown that ultraviolet radiation mobi-
lizes nitric oxide from nitrates stored in the skin, thereby
reducing blood pressure, which may be the reason for the
observed decrease in CVDs and all-cause mortality as sun
exposure increases.59 This may also explain the phenomenon of
high cardiovascular mortality under conditions of low illumi-
nation time. Although studies have shown the effects of rainfall
and illumination time on cardiovascular mortality, further
studies are needed to identify the potential mechanisms and
interaction between these factors.
3.3. Cardiovascular mortality burden due to population
aging

Like other regions in the world, Guangzhou is experiencing
problems associated with population aging. In 2021, the
proportion of the elderly population in Guangzhou reached
13.17% (Fig. 7a), much higher than the international aging
standard line of 7%.60 The proportion of the population aged 65
and over in Guangzhou rose from 10.86% in 2013 to 13.17% in
2021, and life expectancy rose from 80.62 years in 2013 to 83.18
years in 2021. Like other regions in the world, Guangzhou is
experiencing problems associated with population aging, e.g.,
an increased medical burden of CVDs.

Older persons are particularly vulnerable to adverse health
effects of environmental exposure because of their high
ou: (a) changes in population structure, (b) changes in the proportion of
in cardiovascular mortality.
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prevalence of chronic diseases, declining physical protection
mechanisms and social isolation.61 Although air pollution levels
in Guangzhou have decreased in recent years, cardiovascular
mortality has continued to rise, with the elderly group
contributing the most deaths (Fig. 7b). Aer decomposing the
inuencing factors of cardiovascular mortality, it was found
that 101.71% of the increase in cardiovascular mortality in
Guangzhou from 2020 to 2021 was attributable to population
aging, which was higher than the contribution from 2019 to
2020, and the contribution far exceeded the inuence of non-
demographic factors. The impact of population aging on
cardiovascular mortality is still deepening (Fig. 7c). In recent
years, the material living conditions and medical standards of
Guangzhou residents have gradually improved,21 resulting in an
increasing elderly population. The aging of the population
structure faces an accelerated period, which will make the
burden of CVDs increasingly serious.
4. Conclusion

Overall, the case study of Guangzhou demonstrated that climate
change and population aging may offset the benets of
improved air quality on cardiovascular health, which has
implications for other megacities facing the dual challenge of
climate change and air pollution as well as an increasingly
aging population. Although it would be difficult to prevent the
current trend of climate change and aging over the short-term,
the government should step up efforts to control air pollution
and establish an effective warning and tracking system for
extreme pollution and weather conditions. Strategies to
increase human adaptability and strengthen the health status
and response measures to mitigate against potentially cata-
strophic effects posed by climate change and aging should also
receive sufficient attention.
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36 E. Štrumbelj and I. Kononenko, Explaining prediction
models and individual predictions with feature
contributions, Knowl. Inf. Syst., 2013, 41(3), 647–665.

37 M. T. Ribeiro, S. Singh and C. Guestrin, “Why Should I Trust
You?”. in Proceedings of the 22nd ACM SIGKDD International
Conference on Knowledge Discovery and Data Mining, 2016,
pp. 1135–1144.

38 Y. Chen, C. Yang, N. Li, Z. Wang, P. Wu, J. Du and J. Jiang,
Effects of population aging on the mortality burden of
related cancers in urban and rural areas of China, 2004-
2017: a population-based study, Cancer Biol. Med., 2022,
19, 696–706.

39 X. Cheng, L. Tan, Y. Gao, Y. Yang, D. C. Schwebel and G. Hu,
A new method to attribute differences in total deaths
between groups to population size, age structure and age-
specic mortality rate, PLoS One., 2019, 14(5), e0216613.
Environ. Sci.: Adv., 2023, 2, 215–226 | 225

http://tjj.gz.gov.cn/zzfwzq/tjgb/content/post_8543009.html
http://tjj.gz.gov.cn/zzfwzq/tjgb/content/post_8543009.html
http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d2va00303a


Environmental Science: Advances Paper

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 1

3 
Su

ng
ut

i 2
02

3.
 D

ow
nl

oa
de

d 
on

 2
02

6-
02

-2
1 

11
:0

9:
06

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n-

N
on

C
om

m
er

ci
al

 3
.0

 U
np

or
te

d 
L

ic
en

ce
.

View Article Online
40 H. Yue, C. He, Q. Huang, D. Yin and B. A. Bryan, Stronger
policy required to substantially reduce deaths from PM2.5
pollution in China, Nat. Commun., 2020, 11(1), 1462.

41 The State Council of China, Air Pollution Prevention and
Control Action Plan, http://www.gov.cn/zhengce/content/
2013-09/13/content_4561.htm, accessed on 1 February 2022.

42 N. Cheng, Z. Chen, F. Sun, R. Sun, X. Dong, X. Xie and C. Xu,
Ground ozone concentrations over Beijing from 2004 to
2015: variation patterns, indicative precursors and effects
of emission-reduction, Environ. Pollut., 2018, 237, 262–274.

43 X. Lu, J. Hong, L. Zhang, O. R. Cooper, M. G. Schultz, X. Xu,
T. Wang, M. Gao, Y. Zhao and Y. Zhang, Severe surface ozone
pollution in China: a global perspective, Environ. Sci.
Technol. Lett., 2018, 5(8), 487–494.

44 Z. Zhong, J. Zheng, M. Zhu, Z. Huang, Z. Zhang, G. Jia,
X. Wang, Y. Bian, Y. Wang and N. Li, Recent developments
of anthropogenic air pollutant emission inventories in
Guangdong province, China, Sci. Total Environ., 2018, 627,
1080–1092.

45 R. Wu, X. Song, D. Chen, L. Zhong, X. Huang, Y. Bai, W. Hu,
S. Ye, H. Xu and B. J. Feng, Health benet of air quality
improvement in Guangzhou, China: results from a long
time-series analysis (2006–2016), Environ. Int., 2019, 126,
552–559.

46 L. Wen, C. Yang, X. Liao, Y. Zhang, X. Chai, W. Gao, S. Guo,
Y. Bi, S.-Y. Tsang, Z.-F. Chen, et al., Investigation of PM2. 5
pollution during COVID-19 pandemic in Guangzhou,
China, J. Environ. Sci., 2022, 115, 443–452.

47 Ministry of Ecology and Environment of the People's
Republic of China, Ambient Air Quality Standards, https://
www.mee.gov.cn/ywgz/fgbz/bz/bzwb/dqhjbh/dqhjzlbz/
201203/t20120302_224165.shtml, accessed on 1 February
2022.

48 C. Zhang, R. Ding, C. Xiao, Y. Xu, H. Cheng, F. Zhu, R. Lei,
D. Di, Q. Zhao and J. Cao, Association between air
pollution and cardiovascular mortality in Hefei, China: A
time-series analysis, Environ. Pollut., 2017, 229, 790–797.

49 R. Wu, L. Zhong, X. Huang, H. Xu, S. Liu, B. Feng, T. Wang,
X. Song, Y. Bai, F. Wu, X. Wang and W. Huang, Temporal
variations in ambient particulate matter reduction
associated short-term mortality risks in Guangzhou, China:
A time-series analysis (2006-2016), Sci. Total Environ., 2018,
645, 491–498.
226 | Environ. Sci.: Adv., 2023, 2, 215–226
50 R. Basu, High ambient temperature and mortality: a review
of epidemiologic studies from 2001 to 2008, Environ.
Health, 2009, 8, 40.

51 C. Q. Ou, J. Yang, Q. Q. Ou, H. Z. Liu, G. Z. Lin, P. Y. Chen,
J. Qian and Y. M. Guo, The impact of relative humidity and
atmospheric pressure on mortality in Guangzhou, China,
Biomed. Environ. Sci., 2014, 27(12), 917–925.

52 G. Polezer, Y. S. Tadano, H. V. Siqueira, et al., Assessing the
impact of PM2. 5 on respiratory disease using articial
neural networks, Environ. Pollut., 2018, 235, 394–403.

53 P. Wilmshurst, Temperature and cardiovascular mortality,
1994, 309, 6961, pp. 1029–1030.

54 R. Chen, P. Yin, L. Wang, C. Liu, Y. Niu, W. Wang, Y. Jiang,
Y. Liu, J. Liu, J. Qi, J. You, H. Kan and M. Zhou, Association
between ambient temperature and mortality risk and
burden: time series study in 272 main Chinese cities, BMJ,
2018, 363, k4306.

55 J. Kysely, L. Pokorna, J. Kyncl and B. Kriz, Excess
cardiovascular mortality associated with cold spells in the
Czech Republic, BMC Public Health, 2009, 9, 19.

56 P. D. Houck, J. E. Lethen, M. W. Riggs, D. S. Gantt and
G. J. Dehmer, Relation of atmospheric pressure changes
and the occurrences of acute myocardial infarction and
stroke, Am. J. Cardiol., 2005, 96(1), 45–51.

57 S. Y. Chu, M. Cox, G. C. Fonarow, E. E. Smith, L. Schwamm,
D. L. Bhatt, R. A. Matsouaka, Y. Xian and K. N. Sheth,
Temperature and Precipitation Associate With Ischemic
Stroke Outcomes in the United States, J. Am. Heart Assoc.,
2018, 7(22), e010020.

58 R. Khamutian, K. Shara, F. Naja and M. Shahhoseini,
Association of air pollution and hospital admission for
cardiovascular disease: a case study in Kermanshah, Iran,
Zahedan J. Res. Med. Sci., 2014, 16(11), 43–46.

59 F. Wright and R. B. Weller, Risks and benets of UV
radiation in older people: More of a friend than a foe?,
Maturitas, 2015, 81(4), 425–431.

60 B. Pichat, Population Aging and its Social Economic
Implication, 1956, pp. 15–27.

61 K. L. Shumake, J. D. Sacks, J. S. Lee and D. O. Johns,
Susceptibility of older adults to health effects induced by
ambient air pollutants regulated by the European Union
and the United States, Aging: Clin. Exp. Res., 2013, 25(1), 3–8.
© 2023 The Author(s). Published by the Royal Society of Chemistry

http://www.gov.cn/zhengce/content/2013-09/13/content_4561.htm
http://www.gov.cn/zhengce/content/2013-09/13/content_4561.htm
https://www.mee.gov.cn/ywgz/fgbz/bz/bzwb/dqhjbh/dqhjzlbz/201203/t20120302_224165.shtml
https://www.mee.gov.cn/ywgz/fgbz/bz/bzwb/dqhjbh/dqhjzlbz/201203/t20120302_224165.shtml
https://www.mee.gov.cn/ywgz/fgbz/bz/bzwb/dqhjbh/dqhjzlbz/201203/t20120302_224165.shtml
http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d2va00303a

	Climate change and population aging may impact the benefits of improved air quality on cardiovascular mortality in Guangzhou: epidemiological evidence and policy implications
	Climate change and population aging may impact the benefits of improved air quality on cardiovascular mortality in Guangzhou: epidemiological evidence and policy implications
	Climate change and population aging may impact the benefits of improved air quality on cardiovascular mortality in Guangzhou: epidemiological evidence and policy implications
	Climate change and population aging may impact the benefits of improved air quality on cardiovascular mortality in Guangzhou: epidemiological evidence and policy implications
	Climate change and population aging may impact the benefits of improved air quality on cardiovascular mortality in Guangzhou: epidemiological evidence and policy implications
	Climate change and population aging may impact the benefits of improved air quality on cardiovascular mortality in Guangzhou: epidemiological evidence and policy implications
	Climate change and population aging may impact the benefits of improved air quality on cardiovascular mortality in Guangzhou: epidemiological evidence and policy implications
	Climate change and population aging may impact the benefits of improved air quality on cardiovascular mortality in Guangzhou: epidemiological evidence and policy implications

	Climate change and population aging may impact the benefits of improved air quality on cardiovascular mortality in Guangzhou: epidemiological evidence and policy implications
	Climate change and population aging may impact the benefits of improved air quality on cardiovascular mortality in Guangzhou: epidemiological evidence and policy implications
	Climate change and population aging may impact the benefits of improved air quality on cardiovascular mortality in Guangzhou: epidemiological evidence and policy implications
	Climate change and population aging may impact the benefits of improved air quality on cardiovascular mortality in Guangzhou: epidemiological evidence and policy implications

	Climate change and population aging may impact the benefits of improved air quality on cardiovascular mortality in Guangzhou: epidemiological evidence and policy implications
	Climate change and population aging may impact the benefits of improved air quality on cardiovascular mortality in Guangzhou: epidemiological evidence and policy implications
	Climate change and population aging may impact the benefits of improved air quality on cardiovascular mortality in Guangzhou: epidemiological evidence and policy implications


