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Abstract: Air pollution places a considerable disease burden on the public. Compared with the widely
applied air quality index (AQI), the air quality health index (AQHI) provides a more comprehensive
measure of multiple pollutants. In this study, AQHI was constructed using environmental data,
meteorological data, and the daily mortality data of Beijing residents from 2018 to 2020. Factors
increasing the susceptibility of the population to the health effects of air pollution were identified to
aid the construction of a specific AQHI (S-AQHI) for susceptible populations. The findings indicated
that older adults, women, and people with respiratory disease are more susceptible to the short-term
health effects of air pollution. The relative deviation in the AQHI and S-AQHI for changes in daily
mortality percentage of various specific populations ranged from only 1.4% to 10.3%, indicating
the universality of the AQHI in its capacity to predict health risks. The Spearman coefficient of
correlation between the AQHI and AQI was 0.78 (p < 0.01). Each increase in the interquartile range of
the AQHI and AQI results in an increase of 1.894% and 1.029% in the total daily mortality, respectively,
demonstrating the stronger capacity of the AQHI to predict daily mortality compared to the AQIL

Keywords: air pollution; health effects/risks; AQHI; AQI; air quality; susceptibility

1. Introduction

Air pollution has become a major environmental risk to global public health and has
considerably increased the world’s disease burden. The World Health Organization (WHO)
first reported the negative effects of air pollution on human health in a technical report
published in 1958 [1]. According to data released in 2016 based on the WHO's new air
quality model [2], approximately 92% of the world’s population resides in places with air
quality below the recommended standards of the WHO [3]. In addition, more than 90% of
air pollution-related deaths occur in low- and middle-income countries, most of which are
in Asia and Africa [4], highlighting the severity of air pollution in these countries.

Numerous studies have reported the adverse effects of air pollution on human
health [5-8], including an increased mortality risk [9]. According to the WHO, one-third
of stroke, lung cancer, and heart disease cases are caused by air pollution. According to
the 2017 Global Burden of Disease [10], 4.1 million individuals worldwide die prematurely
because of air pollution every year. Air pollution is the fourth leading cause of the disease
burden in China [11,12]. Therefore, the public must be made aware of the potential health
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effects of air pollution. On the basis of health and pollutant toxicity impact assessments
and a scientific literature review, the WHO developed a new air quality guideline [13] to
limit air pollution levels and protect the public’s health.

In 1999, the US Environmental Protection Agency proposed the first air quality index
(AQ]I) for reporting, on a daily basis, the air cleanliness or pollution level and its impact on
health. Many countries have adopted the AQI to report daily air quality data because it is
an easy-to-understand indicator of air quality; however, methods used for the evaluation
of the AQI differ among countries [14]. Currently, the AQI is widely used to evaluate
environmental air quality, release risk information in a timely manner, and recommend
certain behavioral measures to mitigate the short-term health risks of air pollution.

The AQI reflects only the level of the individual pollutant with the highest subindex
and does not consider the possible synergistic effects of simultaneous exposure to multiple
pollutants and differences in the characteristics of the exposure-response relationship
among various air pollutants in different countries or regions [14]. Therefore, the AQI does
not reflect the no-threshold dose-response relationship between air pollutants and health
risks [15-17]. To overcome the shortcomings of the AQI, a study conducted in Canada first
proposed and developed the air quality health index (AQHI), which is used to estimate
the combined health effects of multiple air pollutants and evaluate air quality [18]. Since
30 December 2013, Hong Kong has been officially reporting the AQHI to inform people of
the short-term health effects of air pollution. Mason et al. [19] were the first to evaluate the
AQHI and its relationships with specific respiratory diseases (respiratory tract infection,
asthma, chronic obstructive pulmonary disease, and pneumonia) in Hong Kong. They
discovered a 14% decline in hospital admissions for respiratory infection immediately after
the Hong Kong government started reporting the AQHI. The findings of an age-specific
analysis revealed significant decreases in hospitalizations for respiratory tract infection
and pneumonia in children. In contrast to the AQI, the AQHI provides information on the
short-term combined health effects of multiple air pollutants. Thus, the AQHI can be used
to provide guidance on outdoor activities for the general population and specifically for
those susceptible to air pollution [20]. Several time-series or case-crossover studies have
provided strong evidences for the short-term health effects of air pollution [21,22]. Different
individuals respond differently to air pollution even when exposed to identical levels of
pollution. Thus, investigating the adverse health effects of air pollution and identifying
factors that increase susceptibility to these health effects are critical for elucidating the
mechanisms underlying the adverse health effects of air pollution and lowering health
risks in targeted populations.

Because factors, such as season, time, geographical location, and weather changes,
affect air quality, determining the environmental air pollution level at a specific time and
location and effectively conveying information on the health effects of that air pollution
to the public are critical topics in epidemiological research. Because of differences in the
relationship between air pollution and health risks among differing regions, the AQHI of
one country or city cannot be directly applied to another country or city. To ensure that
the AQHI accurately reflects the impact of air quality on public health and can be used to
effectively guide the health behavior of local residents, the link between local health and
air pollution data should be established. Moreover, these data should be used to develop
a local exposure-response model, construct a localized AQHI in response to regionally
complex and changeable air pollutants, and accurately and reasonably assess air pollution.
These activities can facilitate the construction of a reasonable evaluation index for providing
public health recommendations.

Some cities in China (e.g., Hong Kong, Shanghai, Tianjin, and Guangzhou) employ an
AQHI [17,19,23-26]. The air pollution in Beijing, the capital of China, has become severe
due to the rapid development of China’s economy, and this pollution has exacerbated
citizens’ health problems. Although scholars [27-29] have established an AQHI for Beijing,
most have considered only two to three pollutants and investigated their health effects;
factors increasing the susceptibility of individuals to the health effects of air pollution have
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not been identified. Because of limitations in monitoring data (prior to 2010), studies have
used data on particulate matter (PM) with an aerodynamic diameter of <10 um (PMyy),
but ignored PM with an aerodynamic diameter of <2.5 pm (PMj 5), which is more harmful
to humans. Thus, identifying factors that increase the susceptibility of individuals to the
health effects of air pollution is crucial in investigating the health risks of air pollution and
minimizing these health risks in targeted populations. In the present study, the health and
air pollution data of Beijing in recent years were employed to construct an AQHI for Beijing
and analyze the susceptibility of various populations.

2. Methodology
2.1. Data Sources

Daily average data on air pollutants (PM;g, PM; 5, SO, CO, NO,, and O3) throughout
Beijing from 1 January 2018 to 31 December 2020 were obtained from the China National
Environmental Monitoring Center. The daily air pollutant concentrations were calculated
by taking the average of the data collected from the 12 monitoring stations in Beijing.
Meteorological data of Beijing included the daily maximum temperature (°C), daily min-
imum temperature (°C), daily average temperature (AVET) (°C), daily average relative
humidity (AVEH) (%), and daily average wind velocity (mph), obtained from the Weather
Underground website (www.wunderground.com) (accessed on 16 August 2021).

Daily mortality data of Beijing from 2018 to 2020 were collected from the Disease
Surveillance Point System of the Chinese Center for Disease Control and Prevention. The
mortality was further stratified by the date of mortality, age, gender, and disease. We
integrated the aforementioned data to eliminate abnormal values, search for missing data,
and perform linear interpolation. Among nonaccidental deaths, we excluded those caused
by COVID-19.

2.2. Statistical Analysis
2.2.1. Estimating the Associations of Air Pollutants with Mortality

In this study, we used a generalized additive model (GAM) to perform a traditional
time-series analysis for investigating the exposure-response relationship between the
concentration of regional air pollutants and daily mortality of residents. Parametric and
nonparametric methods were used to fit the GAM to air pollutants and unknown confound-
ing factors, respectively, and smoothing was applied to control for known confounding
factors, namely temperature and humidity, and other nonlinear factors related to disease
mortality. Subsequently, cross validation was performed to adjust the degree of freedom (v)
of each smooth function, thereby enabling an accurate estimation of the risks posed by pol-
lutants after the removal of confounding factors. In this study, date, temperature, humidity,
wind velocity, and day of the week (DOW) were introduced to the GAM as confounding
factors to be controlled. The basic modeling strategy is described as follows [30,31]:

1.  To control for long-term and seasonal trends in daily deaths, a natural spline (ns)
function for dates was incorporated to process nonlinear trends and serial correlations
in daily deaths over time.

2. The degree of freedom of the time-smooth function determined the degree to which
time trends were excluded. The partial autocorrelation function (PACF) was used to
guide the selection of the degree of freedom. Through fitting of the GAM and plotting
of the PACF graph with a 30-day lag, when the absolute value of the first 2-day lag in
the graph was <0.1, the model was regarded as having favorable control of the serial
correlation. When more than one parameter satisfied this condition, the parameter
with the smallest sum of the 30-day cumulative absolute values was selected. The
annual v for the final fit was 8.

3. Anindicator variable for the DOW was included in the base model to exclude the
natural fluctuations in daily mortality within a given week.

4.  The mean temperature, relative humidity, and wind velocity were included in the
base model to control for the confounding effects of meteorological factors on the
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association between air pollution and daily mortality. An ns function was adopted to
control for the confounding effect of the nonlinear relationship between meteorological
factors and mortality; the degree of freedom of the ns function was set to 3 throughout
the study. Because of the strong correlation and concurvity of the weather variables
between two or more consecutive days, only the confounding effect of the weather on
the day of death was controlled [32-34].

When acting as the dependent variable, the daily mortality of citizens belonged to the
Poisson distribution, relative to the total population or time period. Thus, a quasi-Poisson
distribution was used to connect to the GAM to solve the overdispersion of mortality. The
following basic function was established:

LogE(Y:) = BZi + ns(time,v) + DOW + ns(X;, v) + a (1)

where E(Y}) is the expected value of the daily mortality of citizens on the observed day
t; Z; is the concentration of pollutants on the observed day ¢ (ug/m?); B is the exposure—
response relationship coefficient, which is the daily change in mortality caused by a one-unit
increase in pollutant concentrations; time is the date variable (choosing a suitable degree of
freedom value for the date can effectively control for the long-term and seasonal trends
in pollution-death series data). DOW is a dummy variable that excludes the effect of the
normal fluctuation trends in death in the short term. The ns function with the degree of
freedom is used to evaluate nonlinear trends and the serial correlation of daily deaths on
the time axis. The ns function controls for confounding factors, such as long-term trends
and meteorological factors, related to long-term variation in time-series data. Finally, X;
represents meteorological factors for day ¢, namely the daily average temperature (°C),
average relative humidity (%), and average wind velocity (mph).

Considering the lag effect of air pollutants on population health, the lag data of
0-7 days and the regression coefficient 8 of the optimal lag days were selected to construct
the Beijing AQHL

2.2.2. Construction of the Beijing AQHI

The Beijing AQHI was constructed by using the zero concentration of air pollutants as
the base point, and the exposure-response relationship coefficient of major air pollutants in
relation to health was obtained using the exposure-response relationship model. Excess
mortality resulting from the daily level of each pollutant during the study period was
calculated using the following formula:

ER;, = 100 x [(eﬁxpkf) - 1} ?)

where ERy; is the excess mortality caused by pollutant k on day t; B is the exposure-response
relationship coefficient estimated using the regression model, that is, the daily increase in
mortality caused by a one-unit increase in pollutants; py; is the average concentration of the
kth pollutant on day ¢.

The AQHI was marked on a 10-point scale, and the Beijing AQHI was constructed
on the basis of the excess mortality rate resulting from a one-unit increase in the pollutant
concentration. The calculation formula is expressed as follows:

AQHI = 10 x ()_y—1. nERk) /maxg_; _,ER 3)

2.2.3. Evaluation of the Validity of the AQHI

We performed a descriptive statistical analysis of the daily AQI and AQHI during the
study period. The indicators included the mean, standard deviation, minimum, maximum,
lower quartile (P25), median, (P50), upper quartile (P75), and interquartile range (IQR).
Subsequently, we determined differences between two indices. The daily values of the
AQHI and AQI during the study period were separately included in the time-series model.
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Because of differences in daily relative changes in the AQHI and AQ], the IQR was used as
a measurement scale to examine the ability of the AQHI and AQI to predict health risks
and to evaluate the effectiveness of the AQHI.

3. Results and Discussion
3.1. Analysis of Air Pollution in Beijing

In this study, we examined environmental, meteorological, and health data obtained
from the automatic monitoring stations of the national environmental air quality monitoring
network between 2018 and 2020. The descriptive statistics are summarized in Table 1.
During the 3-year period, the total number of nonaccidental deaths in Beijing was 229,331,
with an average daily death toll of 214. The results of the environmental data indicated that
the annual average concentrations of PM;jg, PM; 5, O3, and NO, were 67.87, 42.55, 112.64,
and 34.34 ug/m?3, respectively, which considerably exceeded the long-term exposure index
values provided by the WHO in the 2021 edition of Global Air Quality Guidelines [13]. The
annual average PM; 5 concentration in Beijing exceeded the national secondary standard
for the annual average concentration (35 pg/m?); the annual average concentrations of
PM;p and NO, were close to the national secondary standards for their respective annual
average concentrations (70 and 40 ug/ m3).

Table 1. Summary of environmental variables and daily nonaccidental deaths in Beijing from 2018
to 2020.

Variables Mean SD Min P25 Median P75 Max IQR
PM;5 (ng/ m?) 42.55 36.28 3 16.75 33 55.45 2429 38.7
PMjp (pg/m3) 67.87 45.2 8.4 35.55 56.1 85.05 292.9 495

SO, (ug/m3) 4.68 33 1.8 2.6 33 5.65 39.1 3.05
CcO (mg/m3) 0.7 0.38 0.1 0.4 0.6 0.9 2.6 0.5
NO, (ug/m3) 34.34 17.49 44 21.75 29.7 44.25 101.7 225
O3 (ug/m3) 112.64 66.01 3.8 63.85 91.9 158.95 319.2 95.1
AVET (°C) 13.71 11.43 —17.8 2.6 14.3 24.6 324 22
Wind (mph) 4.57 1.91 0.5 3.1 4.3 5.5 12.8 24
AVEH (%) 49.08 18.71 11 34 49 64 94 30
Mortality 214 28 138 194 210 231 331 37

Figure 1 illustrates the correlations between air pollutants and meteorological factors
in Beijing. The PM;g, PM; 5, SO,, CO, and NO; concentrations were significantly positively
correlated (p < 0.05). O3 was positively correlated with PM;g and PM; 5, but negatively
correlated with SO, and NO,. O3 was significantly positively correlated with the daily
average temperature. SO, and NO, were significantly negatively correlated with the
daily average temperature. PM;g, PM; 5, SO,, CO, and NO, were significantly negatively
correlated with the daily average wind velocity. PM;jy, PMy5, CO, NO,, and O3 were
positively correlated with the daily average humidity. The results indicate that air pollution
in Beijing is affected by meteorological factors and that the pollution in the city requires
immediate attention.

3.2. Health Effects of Air Pollutants in Beijing

To determine the health effects of pollutants in Beijing, the exposure-response rela-
tionship between air pollutants and nonaccidental mortality was analyzed in this study
(Figure 2).

As depicted in Figure 2, the exposure-response relationship of PM; 5 and NO, with
nonaccidental mortality was linear. CO and O3 were positively correlated with nonacciden-
tal mortality. However, PMjy and SO, were nonlinear, that is, the relative risk increased at
lower concentrations of PMjy and SO,, but decreased at higher concentrations. One of the
possible reasons is the saturation mechanism, potential biochemical and cellular processes
being saturated with small doses [35]. Another possible reason is that the sample size is
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small at higher concentrations, which can be presented by the wider confidence intervals.
The exposure-response relationship of PMjy and SO, with nonaccidental mortality in the
P75 concentration range (85.05 and 5.65 j1g/m?®) was a monotonic increase, indicating that
PMjo and SO, were positively correlated with nonaccidental mortality.
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Figure 1. Correlation matrix analysis of environmental variables in Beijing (2018 —2020); the strongest
correlation is indicated in red, followed by yellow, with the weakest indicated in blue.

PM, 5 was considered in this study. Moreover, CO was not included in the index
developed in this study because of its small overall fluctuation and weak impact. Finally,
four air pollutants—PM, 5, NO,, SO,, and O3—were used to construct the AQHIL

3.3. Factors Increasing the Susceptibility of the Population to the Health Effects of Air Pollution

The age, gender, education level, and disease susceptibility of the population were
analyzed in accordance with the daily mortality data of citizens. The effect of each pollutant
on the daily total mortality of various populations (i.e., the percentage increase in the daily
total mortality of various populations resulting from a 10 j1g/m? increase in the pollutant
concentrations) was calculated using the GAM. The time-series analysis results indicated
the effects of the optimal lag data of air pollutants in Beijing on the daily total mortality of
different populations (Table 2).
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Figure 2. Exposure—response relationship of air pollutant concentrations with nonaccidental mor-
tality in Beijing (2018—2020): (a) PM;5; (b) PMjp; (c) SO,; (d) CO; (e) NOy; (f) Os. The solid line
represents the log relative risk of mortality, and the dashed lines represent the 95% confidence interval
of the log relative risk.

As detailed in Table 2, the effects of PM; 5, SO,, NO,, and O3 on daily total mortality
were different in terms of the age, gender, education level, and disease status subgroups.
The effects of PM; 5, SO, NO,, and O3 on those aged >75 years were slightly stronger than
those on individuals aged <75 years. The effects of PM, 5, SO,, and NO, were two to three
times stronger on women than on men, whereas the effect of O3 was slightly stronger on
women than on men. The effects of PM; 5 and O3 were slightly stronger on the population
with a low education level (junior high school or below) than on the population with a
high education level (above junior high school). SO, and NO,; exerted slightly stronger
effects on the population with a low education level than on the population with a high
education level. The effects of PM; 5, SO,, NO,, and O3 were stronger on those with chronic
respiratory disease (CRD) and lung cancer (LC) than on the overall population. Many
factors influence the short-term health effects of air pollution, and public health prevention
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measures must be implemented for susceptible groups to minimize air pollution-related

health hazards.

Table 2. Effects of air pollutants on the daily mortality of various populations in Beijing (%).

Chronic respiratory disease

0.591 (—0.050, 1.238)

4.245 (—1.435, 10.253)

0.673 (—0.405, 1.761)

Population Classification PM; 5 SO, NO, O3
Overall 0.195 (0.002, 0.387) 2.133 (0.235, 4.067) 0.524 (0.037, 1.014) 0.266 (0.144, 0.389)
75 years and younger 0.101 (—0.175, 0.378) 2.045 (—0.530, 4.686) 0.409 (—0.169, 0.991) 0.230 (0.058, 0.403)
Older than 75 years 0.215 (—0.028, 0.459) 2.390 (0.016, 4.820) 0.537 (—0.080, 1.157) 0.342 (0.183, 0.500)
Men 0.123 (—0.116, 0.363) 1.594 (—0.619, 3.855) 0.265 (—0.341, 0.874) 0.298 (0.132, 0.464)
Women 0.235 (—0.034, 0.504) 3.305 (0.657, 6.023) 0.781 (0.217, 1.347) 0.305 (0.096, 0.513)
Low education level 0.184 (—0.047, 0.416) 1.861 (—0.271, 4.038) 0.448 (—0.034, 0.933) 0.338 (0.158, 0.517)
High education level 0.142 (—0.154, 0.439) 2.948 (0.009, 5.973) 0.794 (0.042, 1.553) 0.245 (0.059, 0.431)
Cardiovascular disease 0.181 (—0.092, 0.455) 1.648 (—1.028, 4.397) 0.505 (—0.190, 1.205) 0.369 (0.156, 0.583)
Lung cancer 0.461 (0.056, 0.868) 7.878 (2.148, 13.929) 0.897 (—0.286, 2.093) 0.369 (0.025, 0.715)
)

0.723 (0.300, 1.148

This study revealed that women, people aged >75 years, and those with lung cancer
and chronic respiratory disease are more susceptible to air pollution. Respiratory disease
increases a person’s susceptibility to air pollution. A higher proportion of older adults
than younger individuals has underlying chronic cardiopulmonary disease, which means
that they have a higher sensitivity to air pollution. Moreover, older adults are more likely
to have a lower level of physical fitness and immunity and their respiratory tract cannot
remove pollutants effectively, leading to higher susceptibility. Gender differences may
be attributable to the following: (1) The smoking rate of women in China is considerably
lower than that of men, and some studies have reported that the effect of air pollution
on nonsmokers is stronger than that on smokers [36,37]. This is because the mechanism
underlying the development of PM-induced health hazards is similar to that of smoking,
which leads to substantial oxidative stress and inflammatory responses; thus, additional
health-related effects are not caused by air pollution. (2) From a physiological perspective,
men are more likely to breathe from the abdomen, whereas women are more likely to
breathe from the chest. Compared with abdominal breathing, chest breathing results in a
greater deposition of pollutants in the lungs. (3) The respiratory tract reactivity of women
is typically higher than that of men, and women’s respiratory tract is thus more sensitive
to pollutants.

3.4. Construction of the Beijing AQHI

To ensure an accurate health risk assessment for susceptible populations, we constructed,
analyzed, and compared the AQHI and specific AQHI (S-AQHI) for various populations.

3.4.1. Construction of the AQHI

A GAM was used in this study to perform a time-series analysis. In addition, the
lag effect of the air pollutants on the health of the population was considered, and the
regression coefficient 3 of the optimal lag days and the concentration of the pollutants on
the day were selected. The Beijing AQHI was constructed using the method described in
Section 2.2 by using the following formula:

AQHI = 10/17.40 x 100 x [exp(0.0001945 x PM;5) — 1 + exp(0.0005228 x NO,) — 1

+exp(0.000266 x O3) — 1+ exp(0.0021108 x SO,) — 1] @

Figure 3 presents the daily trends in various air pollutants, the AQI, and the AQHI
in relation to the number of deaths in Beijing from 2018 to 2020. Seasonal differences
were observed in the PM, 5, SO,, NO,, O3, and CO concentrations. The trend in the
AQHI differed from those in the air pollutant concentrations because the index accounted
for the comprehensive health effects of various air pollutants, revealing less prominent
seasonal differences.
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Figure 3. Daily trends in air pollutant concentrations, number of deaths, the AQI, and the AQHI in
Beijing from 2018 to 2020.

The Beijing AQHI in this study was constructed using the daily death data of citizens

and is thus consistent with the Canadian AQHI, in which the frequency of obtaining an
AQHI of >7 was <10%. Therefore, the Canadian classification standard was referenced in
this study, wherein air quality was divided into AQHI levels ranging from 1 to 10, with a
higher value indicating a higher health risk (Table 3).
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Table 3. AQHI classification standards.

AQHI Health Risk Level =~ Warning Color Susceptible Population General Population
0-3 Low Green Normal outdoor activities Normal outdoor activities
46 Moderate Yellow Reduction in outdoor activities Reduction in daily outdoor
is required activities is not required

Older adults, children, and the InlelduaE'wﬁh sgmptor}r:s such
7-10 High Red susceptible population must alili(;?feéi%ea&eiogi: d:)(c))it

reduce their outdoor activities -

activities

Older adults, children, and the All populations must reduce

>10 Severe Brown susceptible population must avoid

. their outdoor activities
outdoor activities

3.4.2. Construction of the Specific AQHI

In this study, the S-AQHI was constructed for susceptible populations. By using the
method described in Section 3.4.1, we constructed the S-AQHI for various populations in
Beijing by using the following equations:

Men:
S-AQHI,, ;. = 10/14.03 x 100 x [exp(0.0001231 x PM;5) — 1 4 exp(0.0002646 x NO;) — 1 5)
+exp(0.0002978 x O3) — 1 4 exp(0.0015811 x SO;,) — 1]
Women:

S-AQHI 01, = 10/24.36 x 100 x [exp(0.0002343 x PMy5) — 1 + exp(0.0007776 x NO,) — 1 ©
+ exp(0.0003041 x O3) — 1+ exp(0.0032515 x SO,) — 1]

Lung cancer:

S-AQHI, ¢ = 10/36.69 x 100 x [exp(0.0004604 x PMy5) — 1 4 exp(0.0008928 x NO,) — 1 ”
+exp(0.0003686 x O3) — 1 + exp(0.0075827 x SO,) — 1]

Chronic respiratory disease:

S-AQHIrp = 10/41.44 x 100 x [exp(0.0005897 x PM;5) — 1+ exp(0.0006703 x NO,) — 1 ®)
+ exp(0.0007206 x O3) — 1 + exp(0.0041576 x SO,) — 1]

Aged <75 years:

S-AQHI_5 = 10/13.75 x 100 x [exp(0.0001009 x PMy5) — 1+ exp(0.0004083 x NO,) — 1 )
+exp(0.0002299 x O3) — 1 4 exp(0.0020239 x SO;) — 1]

Aged >75 years:

S-AQHI. 75 = 10/20.19 x 100 x [exp(0.0002151 x PM;5) — 1+ exp(0.0005353 x NO,) — 1 (10)
+exp(0.0003411 x O3) — 1 4 exp(0.0023619 x SO,) — 1]

The percentage change in the daily mortality rate for each additional unit of the AQHI
and S-AQHI was calculated using a GAM. According to the results of the time-series
analysis, the effects of the optimal lag data of the AQHI and S-AQHI on the daily mortality
of various populations were determined (Table 4). Furthermore, the AQHI and S-AQHI
in Beijing from 2018 to 2020 were calculated, and classification statistics were obtained
in accordance with the classification standard described in Section 3.4.1. The results are
illustrated in Figure 4.
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Table 4. Effects of the AQHI and S-AQHI on daily mortality in various populations in Beijing (%).

Classification AQHI S-AQHI
Overall 0.938 (0.401, 1.477) -

Men 0.850 (0.177, 1.528) 0.938 (0.388, 1.490)

Women 1.254 (0.511, 2.002) 1.182 (0.411, 1.958)

<75 years 0.730 (0.103, 1.360) 0.765 (0.130, 1.405)

>75 years 1.196 (0.523, 1.873) 1.236 (0.563, 1.912)

Lung cancer 1.579 (0.497, 2.674) 1.557 (0.497, 2.628)

Chronic respiratory disease 1.140 (—0.148, 2.444) 1.175 (—0.076, 2.442)
I
|
:
I
Male 1 1
I
1
LN
; ] I
Disease-LC
o
1
Age>75 years \
I
|
I
Age<T75 years :
|
1
0.00 0.25 0.50 0.75 1.00
Ratio

Figure 4. Comparison of the AQHI and S-AQHI classification statistics in Beijing from 2018 to 2020.

The relative deviation in the AQHI and S-AQHI for changes in the daily mortality
percentage of various specific populations ranged from 1.4% to 10.3%, representing only
a slight difference (Table 4). Furthermore, as depicted in Figure 4, the classification dif-
ferences between the AQHI and S-AQHI in Beijing from 2018 to 2020 were small. This
finding indicated the universality of the AQHI in its capacity to predict health risks and
indicated that the AQHIs of different populations in terms of age, gender, and disease
status were consistent.

3.5. Validity Analysis of the AQHI

To evaluate the effectiveness of the AQHI, we compared it with the AQI. Table 5
summarizes the comparative statistical results of the daily AQI and AQHI in Beijing from
2018 to 2020. The P50s of the AQI and AQHI were 63 and 3.6, respectively, whereas the
respective IQRs were 47 and 2.01.

Table 5. Comparative statistics of the AQI and AQHI in Beijing from 2018 to 2020.

Index Mean SD Min P25 P50 P75 Max IOR

AQI 72.75 42.75 15 43 63 90 289 47
AQHI 3.85 1.46 141 271 3.6 4.72 10 2.01
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The Spearman coefficient of correlation between the AQHI and AQI (Figure 5) was
0.78 (p < 0.01), which indicated a correlation; thus, the AQHI can be used for air quality and
health impact assessments. Analysis of the AQHI-mortality exposure-response relationship
(Figure 6) revealed a positive linear relationship between the AQHI and overall mortality
risk of citizens.

300-

R=0.78,p<22x10"°

200-

AQl

100-

AQHI

Figure 5. Correlation between the AQHI and AQI.

o
—
o

0.05
|

Log relative risk
0.00
1

-0.05

-0.10

U T R
2 4 6

8 10
AQHI

Figure 6. Exposure—response relationship curve for the association between the AQHI and total
mortality rate of citizens.
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In this study, the daily values of the AQHI and AQI during the study period were
included separately in the time-series model. Because of differences in daily relative
changes in the AQHI and AQ], the IQR was used as a measurement scale to examine the
abilities of the AQHI and AQI to predict health hazards. The greater each IQR increase
corresponding to an increase in total mortality, the stronger the correlation between the
IQR and total mortality [26,30]. As illustrated in Figure 7, in Beijing, each IQR increase in
the AQHI led to a 1.894% rise in daily mortality. Correspondingly, the excess mortality
reflected in each IQR increase was considerably lower (1.029%). Accordingly, the AQHI
exhibited a significantly stronger correlation with health than did the AQI; this finding
reveals the superior ability of the AQHI to predict the daily mortality of citizens compared
with the AQI.

& AQHI
AQl

N

-

Percent Change(95% CI)

o
e

lag 0 lag 1 lag 2 lag 3 lag 4 lag 5 lag 6 lag 7
Lag

Figure 7. Comparison of the correlations of the AQHI and AQI with daily mortality in Beijing
(2018—2020).

The Beijing AQHI constructed in this study was compared with studies in other
regions (Table 6), and the findings indicated that the relationships between air pollution
and health risk in different regions and periods were quite different. However, the studies
in Beijing are earlier and few of the studies have a comprehensive health effect evaluation.
Therefore, in this study, an AQHI for Beijing was constructed using the health data and air
pollution data (PM, 5, NO,, SO,, and Os) in recent years, and the susceptibility of different
populations was analyzed, which make up for the deficiencies in the early studies. The
results of this study have guiding significance for the general residents and the patients
in Beijing to adopt healthy behaviors and can serve as a demonstration role in the AQHI
construction of other cities in China. It provides a scientific reference for the revision and
proposal of environmental air quality standards and policies and a way for the public to
become aware of the importance of air pollution and its potential health effects.
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Table 6. Summary of studies on (3 coefficient of exposure-response relationship of pollutants.

Region Period PMy PM; 5 O3 SO, NO, Reference

Beijing 2018-2020 —_ 0.0001945 0.000266 0.0021108 0.0005228 This research
Beijing 2001-2010 0.00026 0.00047 0.00032 e _ [27]
Beijing 2004-2008 0.00025 —_ —_ 0.00047 0.00055 [28]
Beijing 2007-2008 —_ 0.00053 e e —_ [29]
China 2013-2015 —_ 0.000187 0.000119 e 0.000675 [30]
China 2002-2012 —_ 0.00038 0.00048 —_ —_ [38]
China 2001-2010 0.00019 e —_ e 0.00061 [27]
Tianjin 2014-2017 0.000185 0.000234 0.000558 0.000740 0.000476 [23]
Shanghai 2001-2010 0.00085 0.00019 0.00031 —_ —_ [27]
Guangzhou 2012-2015 e 0.000092 0.000036 0.000251 0.000148 [17]
Wuhan 2000-2004 —_ e 0.00022 0.00001 0.00143 [39]
Pearl river delta 2006-2008 0.00079 _ 0.00081 —_ 0.00195 [40]
Anshan 2004-2005 0.00024 e  — 0.00027 0.00130 [41]

4. Conclusions

In this study, an AQHI for Beijing was successfully constructed using a GAM and
environmental, meteorological, and health data from 2018 to 2020. Factors increasing the
susceptibility of various populations to the health effects of air pollution were determined.
The results revealed that even if exposed to an identical level of air pollution, different
populations responded differently. Older adults, women, and those with respiratory
disease were discovered to be more susceptible to the short-term health effects of air
pollution. For these susceptible groups, the S-AQHI for different populations (men, women,
those with lung cancer and chronic respiratory disease, those aged >75 years, and those
aged <75 years) was established. The results indicated that the AQHI and S-AQHI are
not different in terms of changes in the percentage of daily mortality of various specific
populations. This indicates the universality of the AQHI in predicting health risks and
demonstrates that the construction of the S-AQHI for different age groups, genders, and
diseases is unnecessary. Moreover, we discovered that the exposure-response relationship
between the AQHI and total mortality risk of citizens is linear. AQHI is correlated with
AQ], and the AQHI can be used for air quality and health impact assessments. Each IQR
increase in the AQHI and AQI results in an increase of 1.894% and 1.029%, respectively, in
total daily mortality, indicating that the AQHI is more capable than the AQI in predicting
the daily mortality of citizens. This study constructed an accurate and reliable Beijing AQHI
for evaluating the short-term health effects of air pollution in Beijing. In this study, health
risk assessments for different populations and susceptible populations were conducted in
the study area. The findings serve as a scientific reference for the revision and proposal
of environmental air quality standards and policies and can be used to guide citizens and
susceptible populations in adopting health-related behaviors.
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