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Introduction: In recent years, air pollution caused by co-occurring PM2.5 and O3, named combined air pollution (CAP), has been observed in Beijing, China, although the health effects of CAP on population mortality are unclear.

Methods: We employed Poisson generalized additive models (GAMs) to evaluate the individual and joint effects of PM2.5 and O3 on mortality (nonaccidental, respiratory, and cardiovascular mortality) in Beijing, China, during the whole period (2014–2016) and the CAP period. Adverse health effects were assessed for percentage increases (%) in the three mortality categories with each 10-μg/m3 increase in PM2.5 and O3. The cumulative risk index (CRI) was adopted as a novel approach to quantify the joint effects.

Results: The results suggested that both PM2.5 and O3 exhibited the greatest individual effects on the three mortality categories with cumulative lag day 01. Increases in the nonaccidental, cardiovascular, and respiratory mortality categories were 0.32%, 0.36%, and 0.43% for PM2.5 (lag day 01) and 0.22%, 0.37%, and 0.25% for O3 (lag day 01), respectively. There were remarkably synergistic interactions between PM2.5 and O3 on the three mortality categories. The study showed that the combined effects of PM2.5 and O3 on nonaccidental, cardiovascular, and respiratory mortality were 0.34%, 0.43%, and 0.46%, respectively, during the whole period and 0.58%, 0.79%, and 0.75%, respectively, during the CAP period. Our findings suggest that combined exposure to PM2.5 and O3, particularly during CAP periods, could further exacerbate their single-pollutant health risks.

Conclusion: These findings provide essential scientific evidence for the possible creation and implementation of environmental protection strategies by policymakers.
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1. Introduction

Significant epidemiological research has shown that short-term exposure to ambient air pollution is substantially related to numerous detrimental health consequences (Fan et al., 2020; Stafoggia et al., 2022) (1). Among the various ambient air pollutants, particles with diameters ≤2.5 μm (PM2.5) and ozone (O3) are considered have serious dangerous to human health (2).

At one time, China, the world’s largest developing country, had the worst air pollution issue than other countries, which led to almost 2 million premature deaths annually (3). The Chinese government has implemented a variety of pollution prevention and control measures since 2013 to protect public health, including policy changes in energy, industrial, and transportation infrastructure (4). According to (5), there was a significant reduction of 30–50% in PM2.5 concentrations from 2013 to 2017. Despite this reduction, PM2.5 pollution episodes persist in China, especially in megacities (6, 7). Furthermore, the decreased PM2.5 also slow down the sink of hydroperoxy radicals and thus speeding up O3 production, resulting in the ground-level O3 levels in China have grown annually (8). Consequently, there was a cooccurrence of PM2.5 and O3 pollution (9–11). This cooccurrence is known as combined air pollution (CAP). CAP has received much interest in atmospheric environmental research (12, 13). However, the health risks caused by CAP are still unclear.

Given that humans are exposed to more than one air pollutant in real life, biological responses to inhaled pollutants likely depend on the interaction between individual pollutants (14). Ground-level O3 and PM2.5 are closely related and interact with each other, and thus they may have a combined negative impact on human body (15). Traditional time-series studies have focused on assessing health effects using single-pollutant models. Research on the combined health effects of multiple pollutants has been inadequate. In recent years, some new models and methods have been developed to simultaneously quantify the combined health effects of multiple pollutants. One such technique is the use of the cumulative risk index (CRI), which involves the linear combination of individual coefficients. This approach enables accurate estimation of cumulative effects, even in cases where there is a high correlation among variables (14), and has been recommended for joint estimates of multipollutant exposure effects on health outcomes (16). However, CRI-related studies are quite limited; most of these studies have been conducted in developed countries, and studies in developing countries are lacking (17, 18).

Beijing, as the capital of China, has a serious air pollution issue. CAP appears in Beijing from time to time, and the frequency continues to increase (19). It is still unknown how the CAP affects the health outcomes of a local population. Therefore, the goal of this manuscript was to evaluate the individual and combined effects of PM2.5 and O3 on nonaccidental and cause-specific mortality in Beijing, China, across the entire time period and during the CAP period, respectively. The joint health effects of PM2.5 and O3 were estimated by using the CRI index.



2. Data and methods


2.1. Health data

In this study, we collected data on the daily death counts in Beijing from January 1, 2014, to December 31, 2016, from the Chinese Center for Disease Control and Prevention (CDC). To classify the causes of death, we used the International Classification of Diseases, Tenth Revision (ICD-10). Nonaccidental causes, cardiovascular diseases, and respiratory diseases were categorized as A00-R99, I00-I99, and J00-J99, respectively.



2.2. Environmental data

PM2.5 and O3 data were retrieved from the China National Environmental Monitoring Center. The maximal 8-h average ozone concentration was selected as the O3 concentration metric according to World Health Organization (WHO) recommendations (20). PM2.5 and O3 concentrations were recorded hourly at 12 stationary monitoring sites (Olympic Sports Center, Dongsi, Changping, Tiantan, Guanyuan, Shunyi, Huairou, Dingling, Agriculture Exhibition Hall, Haidian, Wanshou Temple, and Gucheng) in Beijing. We first calculated the mean of the hourly PM2.5 and O3 concentrations from all 12 monitoring sites and then calculated the 24-h mean PM2.5 and daily maximal 8-h average ozone concentrations. Details of the PM2.5 and O3 concentration data collection methods can be found in our published articles (21). According to the Ministry of Ecology and Environment of China’s national Ambient Air Quality Standards released in 2012 (22), PM2.5 pollution levels are defined as daily average PM2.5 concentrations >75 μg·m−3, and O3 pollution levels are defined as daily average O3 concentrations >160 μg·m−3. As a result, CAP days were designated as days when both O3 and PM2.5 values were above the criterion for co-occurring air pollution, with O3 concentrations >160 μg·m−3 and PM2.5 concentrations >75 μg·m−3. In addition, we collected data on some meteorological factors, including the daily average surface temperature (°C) and relative humidity (RH) (%), which were retrieved from the China Meteorological Data Sharing Service System.1



2.3. Statistical methods

We employed four parallel time-series Poisson generalized additive models (GAMs) to evaluate the individual and joint effects of O3 and PM2.5 on nonaccidental, cardiovascular, and respiratory mortality during the whole period and the CAP period. These models include a single-pollutant model, multipollutant model, nonparametric bivariate response surface model, and stratification model.

First, we utilized the single-pollutant model as the basis to assess the individual effects of a single pollutant on health outcomes at different lag days, including single (lag days 0 and 1) and cumulative (lag days 01 and 04) effects. The following is an expression for Model 1:

[image: image]

where Yt and E(Yt) signify the daily death counts and predicted death counts on day t, respectively. [image: image] refers to the intercept. [image: image] is the natural cubic spline function. According to the minimum Akaike information criterion (AIC), Time with the degrees of freedom (df) 6/year was selected to control for secular trends, and the df of the daily mean temperature (Temp) and RH are both 3. DOW and Holiday are two dummy variables that indicate weekday and public holidays, respectively (23). [image: image] and [image: image] denote the specific air pollutant concentrations and the corresponding coefficient on day t, respectively. Additionally, COVs represent all covariates including time, mean temperature, relative humidity, weekday, public holidays, and the intercept, respectively.

On this basis, we utilized a multipollutant model to evaluate the joint effects of PM2.5 and O3 on health outcomes at different lag days. The CRI, which was developed using estimates from multipollutant models, was used to assess the joint effects of multipollutant exposures (24). The multipollutant model and the formula for the CRI can be expressed as follows:

[image: image]
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where [image: image] and [image: image] denote the specific air pollutant concentrations and the corresponding coefficient on day t, respectively. The COVs are identical to those in Model (1). [image: image] indicates the type of air pollutant. CRIt denotes the joint effects of p air pollutant mixtures on day t.

The CRIs obtained from the multipollutant models were compared with the effect estimates of the single-pollutant models. If the effect estimate from the single-pollutant model was as high as the CRI from the multipollutant model, it indicated that the influence of only one pollutant was adequate to reflect the total pollutant mixture and that there were no synergistic effects.

Third, we also used a nonparametric bivariate response surface model to intuitively analyze the combined effects of PM2.5 and O3 on health outcomes. The model can be expressed as follows:

[image: image]

[image: image]() denotes the cubic regression splines. The COVs are identical to those in Model (1).

Fourth, the pollutant stratification model was employed to quantitatively assess the joint effects of PM2.5 and O3 on health outcomes during the CAP period. The model can be expressed as follows:

[image: image]

where m is an indicator variable that is used to represent the CAP days. m = 1 represents co-occurring air pollution of PM2.5 and O3; otherwise, m = 0. βit and βjt represent the coefficients of O3 and PM2.5 on day t, respectively. The COVs are the same as those in Model (1).

To evaluate the models’ robustness, several sensitivity studies were carried out. We changed the df of Time from 7 to 10 per year and the df of mean temperature and RH from 3 to 5 for the single-pollutant model.

R 4.2.3 software with the “mgcv” package was used for all analyzes. For each 10-μg/m3 increase in PM2.5 and O3, the estimated individual and joint effects are shown as percentage changes (%) along with 95% confidence intervals (95% CIs).




3. Results

Table 1 summarizes the environmental and mortality data in Beijing, China, from 2014 to 2016. On average, there were 146 nonaccidental deaths per day, of which 64 were due to cardiovascular diseases and 17 were due to respiratory diseases. The annual mean temperature and RH were 15.65°C and 53%, respectively. Additionally, the annual average concentrations of PM2.5 and O3 were 78.97 and 118.10 μg/m3, respectively. Based on the statistical analysis, the daily average PM2.5 and O3 concentrations exceeded the threshold set by the Air Quality II Guidelines (75 μg·m−3 for PM2.5 and 160 μg·m−3 for O3, respectively) on 322 and 280 days, respectively (22). There were 59 CAP days during the study period, indicating serious air pollution in Beijing, China.



TABLE 1 Daily summary statistics of the air pollution levels, meteorological variables and number of deaths in Beijing, China, from 2014 to 2016.
[image: Table1]

The Spearman correlation coefficients of the three mortality categories and different environmental factors are shown in Figure 1. The three mortality categories were all significantly negatively correlated with the mean temperature, RH, and O3 concentration and significantly positively correlated with the PM2.5 concentration. The Spearman correlation between PM2.5 and O3 was low even though it was statistically significant (r = −0.07, p < 0.001), indicating the possibility of interaction effects on three mortality categories.

[image: Figure 1]

FIGURE 1
 Spearman correlation matrix between the three mortality categories and different environmental factors in Beijing, China. *p < 0.05, **p < 0.01, ***p < 0.001. Non, Nonaccidental mortality; Car, Cardiovascular mortality; Resp, Respiratory mortality; Temp, mean temperature; RH, relative humidity.


Figure 2 illustrates the individual effects of PM2.5 and O3 on health outcomes at different lags. The individual effects of PM2.5 and O3 on the three mortality categories all peaked at lag day 01. Specifically, the increase in the nonaccidental, cardiovascular, and respiratory mortality categories was 0.32% (95% CI: 0.21, 0.43%), 0.36% (95% CI: 0.21, 0.50%), and 0.43% (95% CI: 0.28, 0.58%) for each 10-μm−3 increase in the PM2.5 concentration (lag day 01), and 0.22% (95% CI: 0.08, 0.36%), 0.37% (95% CI: 0.21, 0.53%), and 0.25% (95% CI: 0.12, 0.37%) for each 10-μg/m3 increase in the O3 concentration (lag day 01), respectively.

[image: Figure 2]

FIGURE 2
 Percentage changes (%) in the three mortality categories associated with each 10-μg/m3 increase in PM2.5 and O3 concentrations at different lag days in the single-pollutant models.


Figure 3 depicts the joint effects of PM2.5 and O3 on health outcomes at different lags. As with the individual effects of PM2.5 and O3, the joint effects of PM2.5 and O3 on the three mortality categories all peaked at lag day 01. The corresponding CRIs for nonaccidental, respiratory and cardiovascular mortality were 0.34% (95% CI: 0.16, 0.52%), 0.43% (95% CI: 0.21, 0.65%), and 0.46% (95% CI: 0.23, 0.70%), respectively. Importantly, for the same category of diseases, the joint effect represented by CRI was higher than for any single pollutant effect estimate at lag day 01. Overall, the CRIs implied that a single-pollutant effect did not accurately represent the whole health effects of the mixture. In the subsequent analysis, both PM2.5 and O3 at lag day 01 were used as the research objects.

[image: Figure 3]

FIGURE 3
 Percentage changes (%) in the three mortality categories associated with each 10-μg/m3 increase in the PM2.5 and O3 concentrations at different lag days in the multipollutant models.


Figure 4 illustrates the combined effects of PM2.5 and O3 on the three mortality categories using three-dimensional visualization graphs. The response surfaces show that the combined effects of PM2.5 (lag day 01) and O3 (lag day 01) on nonaccidental, cardiovascular, and respiratory deaths were complicated. Notably, when high concentrations of PM2.5 and O3 coexisted, all three categories (nonaccidental, cardiovascular, and respiratory fatalities) reached their maximums, showing that the interaction effects could be synergistic.

[image: Figure 4]

FIGURE 4
 Bivariate response surfaces of PM2.5 and O3 for nonaccidental, cardiovascular, and respiratory deaths in Beijing, China.


Table 2 depicts the individual and joint effects of PM2.5 (lag day 01) and O3 (lag day 01) on health outcomes during the whole period and the CAP period. For the same kind of illness, the CRIs of the joint effects during both the whole period and the CAP period were higher than any single-pollutant effect estimates. In addition, the joint effects during the CAP period were remarkably larger than those during the whole period, indicating that the CAP period further exacerbated the combined effects of PM2.5 and O3 on the three mortality categories.



TABLE 2 Percentage changes (%) in nonaccidental, respiratory, and cardiovascular mortality associated with each 10-μg/m3 increase in the PM2.5 and O3 concentrations during the whole period and the CAP period.
[image: Table2]

According to the results of the sensitivity analyzes, the effects of O3 (or PM2.5) remained robust regardless of the change in the df of the time (see Supplementary Figure S1), the df of the mean temperature, and the df of the RH (see Supplementary Table S1).



4. Discussion

The CAP of PM2.5 and O3 has become a major environmental and health concern worldwide (7). Evaluating the short-term individual and joint effects of PM2.5 and O3 on health outcomes could provide valuable evidence for policymakers to regulate and prevent the accumulation of PM2.5 and O3. Our findings demonstrated that PM2.5/O3 was significantly associated with nonaccidental and cause-specific (cardiovascular and respiratory) mortality in Beijing, China. Additionally, the joint effects of the dual pollutants could further exacerbate their individual effects, especially during the CAP period.

Numerous studies of the individual effects of air pollutants, particularly PM2.5 and O3, on public health have been conducted (1, 25). For example, a meta-analysis conducted in 272 Chinese cities by Chen et al. (26) showed that a 10-μg/m3 increase in the PM2.5 concentration was associated with an increase in nonaccidental, cardiovascular, and respiratory mortality of 0.27, 0.39, and 0.29%, respectively. Another meta-analysis in China (27) revealed that an increase of 10-μg/m3 in the O3 concentration caused increases of 0.24 and 0.27% in nonaccidental and cardiovascular mortality, respectively. In this study, the results from the single-pollutant models revealed that each 10-μg/m3 increase in the PM2.5 concentration caused increases of 0.32, 0.36, and 0.43% in nonaccidental, cardiovascular, and respiratory mortality, respectively, and each 10-μg/m3 increase in the O3 concentration caused increases of 0.22, 0.37, and 0.25% in nonaccidental, cardiovascular, and respiratory mortality, respectively, in Beijing, China. Our estimates of the PM2.5–mortality and O3–mortality relationships were generally consistent with those of previous studies.

In the multipollutant models, our findings suggested that the estimates of the joint effects of the two air pollutants on mortality were higher than those for any individual effect for the same kind of illness. Consistent with our findings, a study conducted by Lei et al. (28) in Hefei, China, indicated that the effects of the health risks caused by PM2.5 on nonaccidental mortality increased when O3 was included, and vice versa, indicating that O3 and PM2.5 could aggravate each other’s unfavorable health effects. A cross-sectional study conducted in six countries revealed a synergistic interaction effect of PM2.5 and O3 on disease deterioration (29). However, in contrast to our findings, Qu et al. (30) observed that when O3 was included, the effect of PM2.5 on nonaccidental mortality was reduced. Moreover, several earlier studies showed no interaction effects of PM2.5 and O3 (31, 32). This inconsistency could be attributed to differences in the chemical composition, source, and toxicity of PM2.5 and O3 in different regions. Furthermore, the differences in study methods and individual sensitivity to pollutants can also lead to different results (33).

Notably, the patterns of the combined effects of PM2.5 and O3 on mortality demonstrated that coexisting high concentrations of PM2.5 and O3 could have synergistic effects on three mortality categories (34). Biological mechanisms have been somewhat postulated to explain the potential interaction effect of PM2.5 and O3 pollution on respiratory and cardiovascular mortality, despite the lack of clear evidence for a direct synergistic effect of the two pollutants on illnesses. For example, a few toxicology experiments on rats validated that the particulate matter served as a carrier for O3, delivering O3 into the body (35). Inhaling particles and O3 together had a synergistic impact on airway responsiveness and allergic inflammation in mice (36), suggesting that combined exposure to O3 and PM2.5 markedly increased health risks (37). Therefore, people, especially those with chronic respiratory and cardiovascular diseases, should strengthen protection measures and reduce outdoor activities, especially on CAP of PM2.5 and O3 days.

The key advantage of this study is as follows: Current research on CAP primarily focuses on the characteristics of changes in PM2.5 and O3 concentrations, meteorological causes, and their mutual influences. However, there is less emphasis on the joint health effects of PM2.5 and O3 during CAP periods (7, 38). Furthermore, traditional multipollutant models mainly focus on describing the difference in the health effects of a single pollutant before and after the addition of other pollutants without quantifying the combined effects of multiple pollutants (6). Our study differs from traditional studies, as we utilized multiple methods to examine the harmful health effects associated with exposure to one and two pollutants. We also conducted stratification studies on pollution, with a specific focus on the combined health effects of PM2.5 and O3 during the CAP period. Furthermore, we used the CRI to accurately quantify the joint effects of PM2.5 and O3 during both the whole and CAP periods. This approach addresses the limitations of previous research to a significant extent (16).

There are several limitations of our study that should be acknowledged. First and foremost, due to the difficulty in obtaining disease data in China, the study only included a 3-year disease death time series, and the time coverage was relatively limited. The latest year’s death data could not be obtained, which could reduce the statistical power. Second, in keeping with many previous studies (4, 39), we did not collect data on the real-time pollution exposure levels of individuals and only used the outdoor air pollutant concentration to represent individual PM2.5 and O3 exposure levels, which inevitably led to some deviation in the results (33). Third, the two most dangerous pollutants in China at this time are PM2.5 and O3. This study only tentatively carried out research on the interaction effect between PM2.5 and O3 on public health and did not carry out in-depth research on interaction effects with other air pollutants (such as O3 and nitrogen dioxide, sulfur dioxide and PM2.5). Therefore, with the improvement of research methods at a later stage, further in-depth study of the health effects of interactions between different air pollutants on human health should be carried out.



5. Conclusion

Our findings showed that exposure to PM2.5 and O3 may be significant risk factors for nonaccidental, cardiovascular, and respiratory mortality in Beijing, China. Moreover, we found that combined exposure to PM2.5 and O3 could amplify their individual effects on three mortality categories, particularly during CAP of PM2.5 and O3 periods. Therefore, during the CAP periods, the public should take timely preventive measures and reduce outdoor activities to some extent to reduce air pollution hazards.
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Objective: Recent studies suggest air pollution as an underlying factor to kidney disease. However, there is still limited knowledge about the short-term correlation between glomerulonephritis (GN) and air pollution. Thus, we aim to fill this research gap by investigating the short-term correlation between GN clinical visits and air pollution exposure.

Methods: Between 2015 and 2019, daily GN visit data from two grade A tertiary hospitals in Hefei City were collected, along with corresponding air pollution and meteorological data. A generalized linear model integrated with a distributed lag nonlinear model was employed to analyze the relationship between GN visits and air pollutants. Moreover, we incorporated a dual pollutant model to account for the combined effects of multiple pollutants. Furthermore, subgroup analyses were performed to identify vulnerable populations based on gender, age, and season.

Results: The association between 23,475 GN visits and air pollutants was assessed, and significant positive associations were found between CO and NO2 exposure and GN visit risk. The single-day lagged effect model for CO showed increased risks for GN visits from lag0 (RR: 1.129, 95% CI: 1.031–1.236) to lag2 (RR: 1.034, 95% CI: 1.011–1.022), with the highest risk at lag0. In contrast, NO2 displayed a more persistent impact (lag1–lag4) on GN visit risk, peaking at lag2 (RR: 1.017, 95% CI: 1.011–1.022). Within the dual-pollutant model, the significance persisted for both CO and NO2 after adjusting for each other. Subgroup analyses showed that the cumulative harm of CO was greater in the cold-season and older adult groups. Meanwhile, the female group was more vulnerable to the harmful effects of cumulative exposure to NO2.

Conclusion: Our study indicated that CO and NO2 exposure can raise the risk of GN visits, and female and older adult populations exhibited greater susceptibility.

KEYWORDS
 air pollution, glomerulonephritis, carbon monoxide, nitrogen dioxide, distributed lag nonlinear model, time-series study air pollution, time-series study


1. Introduction

Glomerulonephritis (GN) is a heterogeneous collection of diseases identified by inflammatory damage within the renal small vessels and glomeruli (1). Ranking as the third and second leading causes of chronic kidney disease (CKD) (2) and end-stage renal disease (ESRD) (3) worldwide, GN has witnessed a considerable escalation in disease burden, with 6.9 million disability-adjusted life years (DALYs) due to CKD brought about GN in 2019, representing a 66% increase compared to 1990 (2). Despite progress in the nosogenesis of GN, the etiology of GN remains elusive. In recent years, environmental factors, notably air pollution, have been increasingly recognized as potential factors to the occurrence and progression of kidney diseases, including GN (4–8).

In a groundbreaking nanomedicine study (9), researchers have shown initial evidence of inhaled aerosol particles’ potential to interact with renal tissue. The investigation revealed that gold nanoparticles with a diameter of ≤4 nm, when inhaled, can penetrate alveolar tissue, subsequently entering the bloodstream and being detected in participants’ urine within three months. Supporting these findings, in vivo experiments (10–12) have demonstrated that sustained exposure to fine particulate matter of 2.5 μm or less in diameter (PM2.5) may elicit renal inflammatory responses, structural damage, and oxidative stress in the kidneys of rodent models.

Despite these findings, only a few researchers have explored the correlation between atmospheric contaminant exposure and some clinical subtypes of GN. These studies (5–8) have provided some indications that exposure to elevated concentrations of PM2.5 or acidic gases increases the risk of developing IgA nephropathy (only for PM2.5) and nephrotic syndrome. However, there is still limited knowledge regarding the short-term link between GN and air pollution. Moreover, the combined effects of multiple pollutants and the differences in risk among populations with different demographic characteristics are still unclear.

To fill this research gap and elucidate the potential correlation between exposure to atmospheric contaminants and GN, we inquired into the short-term relationship between GN visits and air pollution exposure based on data from nephrology clinics at two grade a class 3 hospitals in Hefei, China, from 2015 to 2019. In addition, we further identified risk patterns across age and gender to explain the latent impact of discrepancies in susceptibility between subpopulations.



2. Materials and methods


2.1. Study area

The study was conducted in Hefei City, encompassing four Districts. As the capital of Anhui Province, Hefei spans 11,445 km2 and houses approximately 8.19 million inhabitants (13). Situated within the mid-latitude zone (31°N, 117°E), Hefei experiences a humid subtropical monsoon climate typical of the region. As part of the “Yangtze River Delta” city cluster, Hefei is located in the coastal hinterland and serves as a vital industrial economic center. Consequently, the city grapples with significant air pollution issues, resulting in substantial public health concerns (14).



2.2. Study population

We amassed daily visit data for GN patients between 2015 and 2019 from the electronic medical record information systems of the First Affiliated Hospital of Anhui Medical University and the First Affiliated USTC. The variables compiled for the GN data encompassed age, gender, outpatient date, and residential address. The diagnostic criteria for GN are as follows: (1) Persistent proteinuria and/or hematuria over an extended period; (2) A history of prolonged hypertension, mild renal impairment, or/and edema; (3) Gradual, relentless progression of renal impairment, culminating in end-stage renal failure in later stages; (4) Symmetrical reduction in kidney size; and (5) Exclusion of secondary chronic nephritis syndrome, which would point toward a primary diagnosis (3, 15). The inclusion criteria for GN patients in this investigation were: (1) adherence to the diagnostic criteria for GN; (2) current address in Hefei; and (3) possession of hospital records. Furthermore, we applied exclusion criteria: (1) concurrent visits or a second visit to both hospitals within a brief period; (2) unclear diagnosis; (3) non-local residents; and (4) patients devoid of demographic information (e.g., age and gender). The data variables utilized in this study were anonymized, negating the need for ethical restrictions due to the absence of risk research requirements.



2.3. Air pollution and meteorological data

Air pollution data were procured from the average values of 10 ambient air pollution monitoring stations at the Hefei Environmental Monitoring Center, which included 24-h average levels of particulate matter of 10 μm or less in diameter (PM10), PM2.5, carbon monoxide (CO), nitrogen dioxide (NO2), sulfur dioxide (SO2), and daily maximum 8-h average ozone (O3-8h) concentration. Concurrently, meteorological data were acquired from the China meteorological data network,1 comprising daily average temperature (Temp), air humidity (RH), sunshine duration (SSD), and rainfall (RF).



2.4. Statistical analysis

By aggregating daily data, we employed a time-series study to calculate the risk of GN visits associated with short-term exposure to atmospheric contaminants from 2015 to 2019. As GN visits represent a low probability event within the population and exhibit overdispersion (Supplementary Table S1), a typical time series generalized linear model (GLM) with a quasi-Poisson connection was integrated with the distributed lag nonlinear model (DLNM) to determine the relationship between atmospheric contaminants and GN visits (16). The maximum delay on day 7 was utilized to capture the lagged impact of atmospheric contaminants (16).

To circumvent multicollinearity issues and account for the non-normal distribution (Supplementary Table S2) of variables, we performed Spearman correlation analysis on all variables, excluding those with correlation coefficients greater than 0.7 (17). The final model is presented below:

[image: image]

Here, E[Yt] represents the anticipated count of patients with GN on day t; cb(X0) denotes the cross-basis function of the explanatory variable, which employs the “lin” function and “poly” function (degree = 3) to define the matrices of exposure and lag (0–7), respectively; α signifies the intercept; β stands for the cross-basis function’s coefficient; ns represents the natural cubic spline (ns) function; time refers to the long-term time trend effect; dfs is the degrees of freedom, which is chosen based on the minimum value of the Akaike information criterion (AIC) applicable to the quasi-Poisson model (16). To control potential confounders, we introduced meteorological factors (Temp, RH, SSD, and RF) and other atmospheric contaminants (when X0 is CO: NO2, SO2, O3-8h, and PM10) with ns function. Furthermore, we incorporated holiday parameters and DOW into the model as categorical variables to control the holiday and day-of-the-week effects.

We incorporated air pollutants individually upon constructing a working model (the core model) containing all control variables and verifying their suitability. Subsequently, we calculated the lag effect of atmospheric contaminants on GN visits from the current day (lag0) to 7 days prior (lag7). Previous research (18) has indicated that single-day lag models may neglect the cumulative effect. Consequently, we integrated the cumulative lag effect analysis into the model. Relative risk (RR) values and 95% confidence interval (CI) of air pollutant concentration per 10 μg/m3 increment (1 mg/m3 CO) were employed to calculate the short-term correlation between atmospheric contaminants and GN visits. Lastly, we used P50 as the reference base to calculate the association between the single-day effect and the cumulative lag effect of increasing air pollutant concentration on GN visits.

While the single pollutant model can predict the association between one atmospheric contaminant and GN visits, air pollutants often coexist and interact, resulting in a comprehensive impact on human health (19). To assess this potential combined effect and the robustness of the impact caused by pollutants, we established a dual pollutant model to study the intermingling effects of pollutants. The formulation of the dual pollutant model is as under:
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Here, cb(Xa) and cb(Xb) are the cross-basis functions of the included dual pollutants, and β is the coefficient. All other parameters remain the same as in Model (1).

Additionally, to identify vulnerable populations and seasons, we further stratified the population by gender (male and female), season (cold season: November–April in the next year; warm season: May–October), and age (<65 and ≥ 65 years) to conduct subgroup analyses (20). Subsequently, the Wilcoxon signed-rank test was employed to confirm dissimilarities among the aforementioned subgroups.



2.5. Sensitivity analyses

To evaluate the reliability of the results, we carried out sensitivity assessments. First, we varied the dfs (3–8 dfs) (21) for the time, air pollutions, and meteorological factors. Second, we adjusted the maximum delay of air pollutants to intervals of 14 and 21 days to examine the harvesting effect (22, 23). Lastly, we set the reference values of all pollutants to 0, plotted the overall exposure-response curves, and calculated the relative risk (RR) values for the corresponding pollutants.

All statistical computations were performed with the aid of R software (version 4.2.3). Statistical significance of the effect was acknowledged when p < 0.05 (two-sided).




3. Results


3.1. Descriptive analysis

Between 2015 and 2019, the electronic medical record information system registered 23,475 GN visits at the two hospitals, comprising 47.23% males (11,088), 10.02% older adults aged ≥65 (2,352), and 49.37% occurring during the cold season (11,589). Throughout the research duration, the daily mean levels (with standard deviation) of CO, NO2, PM10, PM2.5, SO2, and O3-8h were 0.84 (0.28) mg/m3, 40.31 (17.76) μg/m3, 76.17 (38.90) μg/m3, 52.29 (33.41) μg/m3, 10.55 (6.08) μg/m3, and 86.32 (44.01) μg/m3, respectively. Additionally, Temp, RH, SSD, and RF (with standard deviation) were found to be 16.85 (9.21)°C, 76.51 (11.99)%, 4.92 (4.02) h, and 3.18 (8.88) mm, respectively (Table 1). To better illustrate the geographical context of our study, we have included a map showcasing the locations of these two hospitals and 10 ambient air pollution monitoring stations within the city (Figure 1). Besides, the time series distribution of the data over 5 years is illustrated in Supplementary Figure S1. The Spearman correlation analysis revealed a strong correlation between PM2.5 with PM10 (rs = 0.806, p < 0.001) and CO (rs = 0.812, p < 0.001), prompting its exclusion from the model (Supplementary Figure S2).



TABLE 1 Descriptive statistics of the daily outpatient visits for GN, air pollutant concentrations, and meteorological parameters in Hefei City, 2015–2019.
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FIGURE 1
 Geographical distribution of environmental monitoring stations and the two hospitals in Hefei.




3.2. Overall effects

The overall exposure-response relationship between atmospheric contaminants (CO, NO2, PM10, SO2, and O3-8h) and GN visits is predicted by the DLNM model (Supplementary Figure S3). The curves demonstrated a positive correlation between CO and NO2 exposure and an escalated risk of GN visits when the maximum lag was 7 days (Supplementary Figures S3A,B). No significant overall exposure-response associations were observed between SO2, PM10, and O3-8h and GN visits, as their 95% CIs included the null value (RR = 1.000) throughout the entire range (Supplementary Figures S3C–E). Consequently, the model included PM10, SO2, and O3-8h as covariates for subsequent analyses to account for potential confounding effects.

The exposure-response correlation between GN visits and two atmospheric contaminants, CO and NO2, reveals a significant positive association at low lag days when concentrations of CO and NO2 are high (with reference concentrations of 0.8 mg/m3 and 36 μg/m3, respectively). However, as the lag time increases, exposure to elevated levels of CO and NO2 appeared to diminish the risk of GN visits (Figures 2, 3).

[image: Figure 2]

FIGURE 2
 Contour plot for the association between air pollutants (CO and NO2) and GN visits in Hefei, China, 2015–2019. (A) Contour plot of CO; (B) Contour plot of NO2. CO, carbon monoxide; NO2, nitrogen dioxide; and RR, relative risk. The P50 was used as the reference concentration. The P50 concentration of CO is 0.8 mg/m3 and the P50 concentration of NO2 is 36 μg/m3.
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FIGURE 3
 3D plot for the association between air pollutants (CO and NO2) and GN visits in Hefei, China, 2015–2019. (A) 3D plot of CO; (B) 3D plot of NO2. CO, carbon monoxide; NO2, nitrogen dioxide; and RR, relative risk. The P50 was used as the reference concentration. The P50 concentration of CO is 0.8 mg/m3 and the P50 concentration of NO2 is 36 μg/m3.




3.3. Association between air pollutants and GN visits in a single pollutant model

Our analysis revealed variations in the RR values corresponding to 1 mg/m3 per CO concentration increment and 10 μg/m3 per NO2 concentration increment across different lag days for GN visitations (Figure 4; Supplementary Table S3). In the single-day lag effect model for CO, the risks for GN visits were positively associated with CO from lag0 (RR: 1.129, 95% CI: 1.031–1.236) to lag2 (RR: 1.034, 95% CI: 1.000–1.070), peaking at lag0. Conversely, the risks decreased at lag4 (RR: 0.968, 95% CI: 0.943–0.993) and lag5 (RR: 0.961, 95% CI: 0.930–0.993). Cumulative lagged effects analysis of CO revealed increased risks of GN visits for all lag days except lag06, and the risk reached its maximum value at lag02 (RR: 1.263, 95% CI: 1.132–1.410).

[image: Figure 4]

FIGURE 4
 RR values and 95% CI in the number of daily outpatient visits for GN associated with increases of 1 mg/m3 in CO and 10 μg/m3 in NO2 concentrations at different lag days. (A) Single-day lagged effects of CO; (B)Cumulative lagged effects of CO; (C) Single-day lagged effects of NO2; (D) Cumulative lagged effects of NO2. CO, carbon monoxide; NO2, nitrogen dioxide; and RR, relative risk.


In contrast to CO, the harm of NO2 came more slowly. When considering a single-day lag, increased NO2 exposure elevated GN visit risk during the preceding 4 days (lag1–lag4), peaking at lag2 (RR: 1.017, 95% CI: 1.011–1.022). However, the risk decreased at lag6 (RR: 0.994, 95% CI: 0.989–0.998). Furthermore, cumulative lag models showed harmful NO2 effects persisting from lag02 to lag07, with the highest risk observed on lag04 (RR: 1.041, 95% CI: 1.021–1.060).



3.4. Association between air pollutants and GN visits in a dual-pollutant model

In the dual-pollutant model, the significance of NO2 and CO persisted when controlling for each other. With NO2 adjustment, the single-day lagged effect curve of CO exposure on GN risk exhibited a U-shaped pattern, peaking on exposure day (RR: 1.193, 95% CI: 1.086–1.310) and at the lowest point on the lag3 (RR: 0.936, 95% CI: 0.905–0.968; Figure 5A; Supplementary Table S4). In the cumulative lag model, CO exposure only increased GN visits during the first 3 days (lag01–lag03; Figure 5B; Supplementary Table S4).
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FIGURE 5
 RR values and 95% CI in the number of daily outpatient visits for GN associated with increases of 1 mg/m3 in CO and 10 μg/m3 in NO2 concentrations in the dual-pollutant model. (A,B) Harmful effects of CO exposure after correcting for NO2 interference. (C,D) Harmful effects of NO2 exposure after correcting for CO interference. CO, carbon monoxide; NO2, nitrogen dioxide; and RR, relative risk.


After adjusting for CO, the single-day lagged effect trend of NO2 followed an inverted U-shape with the prolongation of lag days, peaking at lag3 (RR: 1.017, 95% CI: 1.011–1.023; Figure 5C; Supplementary Table S4). In the cumulative lagged effect model of NO2, lag03–lag07 were positively associated with GN visit risk, and the RR value peaked at lag05 (RR: 1.051, 95% CI: 1.029–1.074; Figure 5D; Supplementary Table S4).



3.5. Subgroup analysis

Upon conducting stratified analyses based on sex, age, and season, we found that contact with CO and NO2 was linked to an increased risk of GN visits across all subgroups (all p < 0.05) except for the cumulative lagged effect of the seasonal grouping of NO2 (Supplementary Tables S4–S6; Figures 6–9). However, our results from the Wilcoxon signed-rank test showed that only the differences in cumulative lag effect for the age group, season group of CO, and gender group of NO2 had statistically significant (Supplementary Table S7). Notably, the older adult and cold-season groups exhibited a heightened susceptibility to the cumulative lagged effect of CO exposure compared to age < 65 years and warm-season groups. The female group was more vulnerable to the harmful effects of cumulative exposure to NO2.
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FIGURE 6
 Single-day lagged RR values and 95% CI of GN visits per 1 mg/m3 increase in CO concentration in a model stratified by gender, age, and season. (A,B) Single-day lagged effects of CO grouped by gender; (C,D) Single-day lagged effects of CO grouped by age; (E,F) Single-day lagged effects of CO grouped by season. Harmful effects of CO stratified by sex, age, and season.
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FIGURE 7
 Cumulative lagged RR values and 95% CI of GN visits per 1 mg/m3 increase in CO concentration in a model stratified by gender, age, and season. (A,B) Cumulative lagged effects of CO grouped by gender; (C,D) Cumulative lagged effects of CO grouped by age; (E,F) Cumulative lagged effects of CO grouped by season. Harmful effects of CO stratified by sex, age, and season.
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FIGURE 8
 Single-day lagged RR values and 95% CI of GN visits per 10 μg/m3 increase in NO2 concentration in a model stratified by gender, age, and season. (A,B) Single-day lagged effects of NO2 grouped by gender; (C,D) Single-day lagged effects of NO2 grouped by age; (E,F) Single-day lagged effects of NO2 grouped by season. Harmful effects of NO2 stratified by sex, age, and season.
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FIGURE 9
 Cumulative lagged RR values and 95% CI of GN visits per 10 μg/m3 increase in NO2 concentration in a model stratified by gender, age, and season. (A,B) Cumulative lagged effects of NO2 grouped by gender; (C,D) Cumulative lagged effects of NO2 grouped by age; (E,F) Cumulative lagged effects of NO2 grouped by season. Harmful effects of NO2 stratified by sex, age, and season.




3.6. Sensitivity analyses

The AIC values of the model when choosing different dfs (3–8) for time, air pollutions, and meteorological factors are presented in Supplementary Table S8. In the CO and NO2 models, the AIC value is both the smallest (CO: 11250.67; NO2:11246.88) when the dfs for time, air pollutions, and meteorological factors are 7, 5, and 7, respectively.

Sensitivity analysis results indicated that the consequences of CO and NO2 contact on the risk of GN visits remain generally robust after varying the dfs of the time, air pollutions, and meteorological factors (Supplementary Figures S4–S9) and regulating the maximum lag periods for CO and NO2 (Supplementary Figures S10, S11). After setting the reference values of each pollutant model to 0, our overall exposure effect results remained unchanged (Supplementary Figures S3, S12). Furthermore, the subsequent analyses of single-day and cumulative lag effects for CO and NO2 were highly consistent with our previous findings (Figure 4; Supplementary Figure S13; Supplementary Tables S3, S9).




4. Discussion

In this investigation, we analyzed nephritis outpatient records from the two prominent grade A tertiary hospitals from 2015 to 2019 to quantitatively assess the correlation between atmospheric contaminants and GN visits. Our findings indicated that contact with CO and NO2 were significantly associated with an elevated risk of GN-related hospital visits, suggesting that these pollutants might be a potential risk factor for GN. For each 1 mg/m3 elevation in CO level, the GN visit risk escalated by 12.9% in the single-day lag model (lag0, 95% CI: 3.1–23.6%) and by up to 26.3% in the cumulative lag model (lag02, 95% CI: 13.2–41.0%). Meanwhile, every 10 μg/m3 elevation in NO2 concentration resulted in a 1.7% increase in GN visit risk (lag2, 95% CI: 1.1–2.2%) in the single-day lag model and a 4.1% increase in the cumulative lag model (lag04, 95% CI: 2.1–6.0%).

Previous epidemiological studies examining the correlation between atmospheric contaminants and GN incidence are scarce, focusing more on CKD or ESRD. Our results are supported by a study (24) conducted on a national cohort of US veterans, which observed a positive correlation between increased interquartile ranges (IQR) of CO and NO2 concentrations and the decline of glomerular filtration rate, as well as the incidence and progression of CKD and ESRD. However, some studies (25, 26) reported damages of CO exposure on kidney function without identifying an association between kidney disease and NO2 exposure. A retrospective cohort research (25) of CKD patients in Seoul, South Korea, confirmed the significant correlation between CO and PM2.5 and the long-term mortality risks in CKD patients, but no effects of other pollutants (e.g., NO2) on CKD patient mortality were observed. Another study (26) from Korea found that exposure to CO and SO2 had the most severe perniciousness on CKD clinic visits. In contrast, studies by Łukasz Kuźma et al. (27) and Szu-Ying Chen et al. (28) identified increased mean levers of NO2 and PM2.5 as relevant factors for the prevalence and progression of CKD in Bialystok, Poland, and Chinese Taipei, respectively. Interestingly, a national study (29) based on the Chinese CKD survey only demonstrated that long-term exposure to O3 elevated the risk of CKD in the general Chinese population. The discrepancies and heterogeneity between these studies may arise from geographical variations, participant sizes, data sources, exposure assessment methods, and distinct air pollution conditions across countries. There are several plausible explanations for the discrepancies between our findings and those of other studies: (1) Substantial differences in air pollution levels between studies could result in the absence of correlation, complicating the comparison of results. For instance, the median annual mean levers of NO2 and PM2.5 in Bialystok, Poland, were 13.1 and 10.9 μg/m3, respectively (27), while in Taipei, China, the annual average concentrations were 24.3 and 23.5 μg/m3, respectively (28). Throughout the study period in Hefei City, the levels of NO2, CO, PM10, PM2.5, SO2, and O3-8h were 40.31 μg/m3, 0.84 mg/m3, 76.17 μg/m3, 52.29 μg/m3, 10.55 μg/m3, and 86.32 μg/m3, respectively. These considerable differences can partially account for the lack of a significant correlation between PM2.5 exposure and our study’s increased risk of GN visits. (2) The effects of participants’ social and economic status and risky behaviors may also influence the results. Individuals in countries or regions with higher per capita income typically have better education and higher income, potentially providing protective effects against the development of kidney disease (30–32). (3) Variations in disease definitions and diagnostic criteria used across studies may lead to inconsistent results. Although GN ranks as the third and second primary cause of CKD (2) and ESRD (3), the biochemical markers and clinical manifestations used for diagnosis are not identical. Furthermore, the data types and study designs employed in different studies could also affect the results. For example, some studies utilized cross-sectional designs and generalized additive models, while our study adopted time series analysis and DLNM, which might have contributed to differences in the results between studies.

Previous research on air pollution and public health had commonly employed single-pollutant models, neglecting the complex interplay among various pollutants and their collective impact on environmental and human health. In this study, we incorporated both CO and NO2 into our model framework. After adjusting for NO2 interference, we observed a reduction in the lagged impacts of CO exposure on the risk of GN visits. The RR values diminished more swiftly with increasing lag time but still peaked on the day of exposure (lag0) in the single-day lag model. This phenomenon aligns with previous research (26) examining emergency room visits due to kidney disease concerning ambient air pollution in Korea. In order to examine whether this phenomenon is due to the harvesting effect (22, 23), we reevaluated the risk correlation between CO exposure and GN visits for extended maximum lag days (14 and 21), as depicted in Supplementary Figure S10. The absence of a cosine-like plotting pattern was observed, indicating that it is unlikely that the harvesting effect would have a substantial impact on our estimates. Correspondingly, after controlling for CO interference, the detrimental effects of NO2 exposure manifested later, and the decline in RR values decelerated compared to the single-pollutant model. This phenomenon may be attributed to the differential absorption and metabolism rates of various air pollutants in the human body. For instance, a CO inhalation experiment (33) indicated rapid blood CO saturation within 4–5 h, while a NO2 inhalation study (34) demonstrated a more gradual response to exposure. Therefore, it is essential to recognize that high CO concentrations may significantly elevate the risk of GN visits and various comorbidities on the day of exposure, while increased attention should be given to the harmful effects of NO2 in the days following exposure.

Gender, age, and season are considered influential factors in health assessments and are often standardized as appropriate stratification methods within populations. In this study, we identified compelling results among various subpopulations: females were found to be more susceptible to the effects of NO2 than males. This observation may be attributed to the fact that non-smokers are more sensitive to air pollution than smokers (35, 36), and that smoking rates among females are much lower than among males in China (37). Furthermore, regarding the association between age and GN visit risk, CO exhibited more excellent detrimental effects on older than younger individuals. This finding aligns with previous researches (38, 39) examining the link between atmospheric contaminants and disease. The underlying cause may be the higher prevalence of chronic diseases such as diabetes (40), and heart disease (41) among older adults, which are linked to the nosogenesis of kidney diseases (42). Concurrently, CO exposure increases the risk of developing diabetes (43, 44), and heart disease (45, 46). These discoveries emphasize the importance of controlling health indicators such as blood glucose and blood pressure levels to maintain kidney function in older adults. In addition, CO exposure was more strongly associated with GN visits during the cold season. This observation could be explained by the physiological adaptations under colder conditions, where the human body’s blood vessels constriction, intensifying renal ischemia and decreasing renal resistance to both hypoxia and harmful substances (47). Consequently, susceptible populations in highly polluted environments during the cold season, such as females and older individuals, should adopt additional safeguard procedures to alleviate the deleterious influences of atmospheric contaminants on their health.

Various potential biological mechanisms may help elucidate the connection between NO2 and CO exposure and the elevated risk of GN visits. CO readily binds to hemoglobin, increasing its affinity for oxygen and subsequently leading to tissue hypoxia (48). Insufficient renal oxygen supply may cause glomerular capillary constriction, impacting filtration function and decreasing glomerular filtration rate (47). Furthermore, tissue hypoxia may result in tubular dysfunction. Animal studies (49) have demonstrated that energy metabolism in renal tubular epithelial cells is impaired under oxygen-deprived conditions, weakening the reabsorption and secretion of filtrate. Additionally, renal hypoxia can stimulate excessive matrix protein production, leading to tissue hardening, functional impairment, and interstitial fibrosis (50). Compared to CO, the biological mechanisms underlying renal injury caused by NO2 exposure are more complex. Firstly, NO2 may induce renal damage by increasing oxidative stress responses. Toxicological evidence (51) from an animal model suggests that NO2 exposure elevates oxidative stress reactions. Moreover, Mirowsky et al. (52) found that genes associated with oxidative stress were highly expressed in primary human bronchial epithelial cells under NO2 induction, while substantial evidence (53–55) indicates that oxidative stress has detrimental effects on the kidneys. Secondly, toxicological evidence (56, 57) from animal experiments implies that NO2 might straight damage renal function by augmenting the risk of glomerular damage, expansion, hyperfiltration, and heightening susceptibility to infection. Lastly, NO2 can activate immune cells, inducing the production of pro-inflammatory cytokines (e.g., TNF-α, IL-1β) (58–60), leading to renal inflammatory responses (61–63).

As an observational investigation, our research presents several limitations that should be considered. Firstly, it is unable to establish causality between atmospheric contaminants and the GN visit risk, and the findings may be subject to residual confounding. Moreover, our study is concentrated solely on Hefei and due to its unique geographical and environmental attributes, the findings might not be universally applicable to other areas. Lastly, we used fixed-site monitoring data to assess air pollution exposure, which does not provide information about individual or indoor exposure levels. Future research should prioritize comprehensive, multi-city analyses and the collection of personal exposure data to assess better potential health risks associated with air pollution exposure.

Notwithstanding its limitations, the present investigation holds considerable merit for multiple reasons. To begin with, it represents the first study that quantifies short-term correlations between CO and NO2 exposure and the occurrence of GN clinic visits, employing time-series analysis techniques. This exploratory study contributes to the existing body of research in this domain, providing preliminary insights into the potential implications of air pollutants on GN. Furthermore, this study’s outpatient and meteorological datasets are complete. This comprehensive data allowed for the robust examination of the correlations between atmospheric contaminants and the risk of GN visits and the identification of susceptible subpopulations. Consequently, our findings have the potential to inform the optimization of health policies and regulations aimed at mitigating the impact of GN.



5. Conclusion

In summary, the present investigation revealed a significant correlation between contact with CO and NO2 and the rising risk of GN visits. Notably, the detrimental impact of CO was discernible on the day of exposure, whereas NO2’s adverse consequences emerged in subsequent days. Further stratified analysis unveiled that the cumulative harm of CO was greater in cold seasons and older adult groups. Simultaneously, the female population was more susceptible to the harmful effects of cumulative NO2 exposure. Collectively, the findings of this study offer valuable proof that could bolster public health endeavors to mitigate the impacts of GN via synergistic efforts encompassing efficient environmental regulations and preventive approaches.
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This study utilizes China’s records of non-accidental mortality along with twenty-five simulations from the NASA Earth Exchange Global Daily Downscaled Projections to evaluate forthcoming heat stress and heat-related mortality across China across four distinct scenarios (SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5). The findings demonstrate a projected escalation in the heat stress index (HSI) throughout China from 2031 to 2100. The most substantial increments compared to the baseline (1995–2014) are observed under SSP5-8.5, indicating a rise of 7.96°C by the year 2100, while under SSP1-2.6, the increase is relatively modest at 1.54°C. Disparities in HSI growth are evident among different subregions, with South China encountering the most significant elevation, whereas Northwest China exhibits the lowest increment. Projected future temperatures align closely with HSI patterns, while relative humidity is anticipated to decrease across the majority of areas. The study’s projections indicate that China’s heat-related mortality is poised to surpass present levels over the forthcoming decades, spanning a range from 215% to 380% from 2031 to 2100. Notably, higher emission scenarios correspond to heightened heat-related mortality. Additionally, the investigation delves into the respective contributions of humidity and temperature to shifts in heat-related mortality. At present, humidity exerts a greater impact on fluctuations in heat-related mortality within China and its subregions. However, with the projected increase in emissions and global warming, temperature is expected to assume a dominant role in shaping these outcomes. In summary, this study underscores the anticipated escalation of heat stress and heat-related mortality across China in the future. It highlights the imperative of emission reduction as a means to mitigate these risks and underscores the variances in susceptibility to heat stress across different regions.
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1. Introduction

In the past decade (2011–2020), carbon emissions have reached unprecedented levels in human history, coinciding with a surge in occurrences of extreme heat events globally (1, 2). The rapid pace of global warming has propelled heat stress to the forefront as a highly perilous climate risk, impacting public health, socioeconomics, and the ecological environment (3). Elevated ambient temperatures can elevate the body’s core temperature and heart rate, leading to conditions like heatstroke, respiratory and circulatory disorders, and even fatalities (4).

Noteworthy past events serve as stark reminders of the dangers associated with extreme heat. For instance, the 1995 heatwave in Chicago, USA claimed the lives of over 700 individuals (5). The record-breaking European heatwaves of 2003 resulted in substantial loss of life and economic devastation (6). Similarly, the 2010 heat event in Russia led to more than 50,000 fatalities (7). More recent occurrences include the North American super-heatwave in 2021, which claimed the lives of over 500 people (8). China has also faced significant negative impacts due to extreme heat events (9–13). According to Cai et al. (9, 10), nearly 15,000 deaths in China during 2020 were attributed to heat events. The escalating impact of climate change underscores the impending severity of heat stress, particularly in densely populated regions around the world (14–16). Given the pressing nature of the current scenario, it is of paramount importance to conduct a thorough assessment of future heat-related risks and undertake comprehensive measures to combat climate change, including emission reduction and strategic planning (1, 2).

Global climate models represent a cutting-edge tool for understanding climate change and projecting future scenarios. The recent Intergovernmental Panel on Climate Change (IPCC) report integrates various factors to quantify development and climate change (17). This integration involves combining shared socioeconomic pathways (SSPs) with representative concentration pathways (18, 19). In line with these novel scenarios, the IPCC introduced the Coupled Model Intercomparison Project Phase 6 (CMIP6), which furnishes the latest projections for future climate change (20).

While extensive efforts have been invested in leveraging the CMIP6 dataset to project future climate (16, 21, 22), the inherent coarse horizontal resolution (ranging from 1° to 3°) of the raw CMIP6 models poses challenges for in-depth regional climate analysis and introduces uncertainties due to model biases. The low resolution of CMIP6 poses a challenge in accurately simulating the impacts of urbanization on local climate. This limitation is particularly problematic for future public health risk assessments, given the substantial urban population (11, 16). Additionally, research has revealed that the original CMIP6 models tend to overestimate future temperatures, with overestimations ranging from 3.4% to 11.6% (23). To address these limitations, NASA has released the NASA Earth Exchange Global Daily Downscaled Projections (NEX-GDDP-CMIP6) dataset (24). These downscaled products are derived from the Bias Correction Spatial Disaggregation (BCSD) method, producing daily variants with an enhanced horizontal resolution of 0.25°. This refinement enhances both simulation accuracy and spatial resolution compared to the original CMIP6 outputs (25, 26). Previous research has demonstrated the alignment of NEX-GDDP-CMIP6 with observational data for modeling daily metrics (27, 28). Wu et al. (28) validated the capability of NEX-GDDP-CMIP6 to replicate China’s spatial temperature characteristics. Nonetheless, existing studies employing NEX-GDDP-CMIP6 have predominantly focused on predicting future extreme climate changes, often lacking comprehensive risk assessments (28–30). The NEX-GDDP-CMIP6 dataset provides valuable information for climate change research, impact assessments, and adaptation planning. Understand and respond better to the potential risks as well as impacts of future climate change. To provide better information for governmental strategic planning, it is necessary to employ this dataset to project future heat health risks in China.

Accordingly, this study plans to utilize the newly released and updated high-resolution NEX-GDDP-CMIP6 to project future changes in heat stress across China and its seven sub-regions under various emission scenarios with the heat stress index (HSI) that take into account both air temperature and humidity. Further, we will also employ the HSI-mortality exposure-response relationship and future population datasets to assess future mortality changes and quantify the contributions from temperature and humidity to heat mortality changes. This study aims to project future risks from multiple perspectives to support climate mitigation and strategic planning.



2. Data and methods


2.1. Historical mortality records

The Chinese Centre for Disease Control and Prevention (CDC) furnishes daily records of non-accidental death occurrences. Following the guidelines of the International Classification of Diseases-10th Revision (ICD-10), non-accidental deaths pertain to fatalities resulting from diseases rather than injuries. In the scope of this study, a total of 195 surveillance sites capturing mortality were encompassed (Supplementary Table S1). Recorded fatalities were observed across the majority of districts spanning the years 2010 to 2016. However, in the case of Guangzhou and Xining, recorded deaths were limited to the timeframe of 2012 to 2016.



2.2. Climate data

With a spatial resolution of 0.25° × 0.25°, the NEX-GDDP-CMIP6 dataset (24) offers a collection of scientifically downscaled climatic scenarios spanning from 1950 to 2100. This dataset utilizes the BCSD algorithm in combination with observational data generation to perform bias correction and downscaling of the CMIP6 model outputs. The BCSD method represents a trend-sustaining statistical downscaling technique that has gained widespread use in meteorology (25, 26, 31). The variational approach employed involves comparing the output from global climate models with real-world climate observations from a common reference period. This information is then employed to modify future climate projections to enhance their congruence with historical records and to enhance the accuracy of specific spatial regions. Leveraging the spatial granularity of the observed dataset, the algorithm additionally interpolates the output from global climate models onto a more refined grid, thereby enhancing spatial resolution.

We employed a total of twenty-five models sourced from the NEX-GDDP-CMIP6 dataset (Supplementary Table S2), selected based on their availability of daily mean relative humidity and surface air temperature. This set of models encompasses historical simulations spanning the period from 1995 to 2014, as well as future projections from 2015 to 2100. These projections are offered across four distinct emission scenarios: SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5. These scenarios span a spectrum of carbon emissions, ranging from high to low levels. The four chosen scenarios are considered Tier 1 scenarios and are mandatory for all climate models participating in the Scenario Model Intercomparison Project (SMIP) of CMIP6. In essence, they represent the four emission trajectories that current climate research indicates are the most probable paths for the world to take in the future. Specifically, among these scenarios, SSP5-8.5 is the sole scenario that yields a radiative forcing of 8.5 W·m−2 in the year 2100, indicating a high level of emissions. SSP3-7.0 combines a relatively elevated degree of social vulnerability with a forcing of 7.0 W·m−2. In the context of SSP2-4.5, a moderate level of social vulnerability aligns with a moderate forcing level of 4.5 W·m−2. SSP1-2.6, on the other hand, combines attributes of low vulnerability, limited mitigation challenges, and a low forcing level of 2.6 W·m−2.



2.3. Population data

Under the umbrella of the four SSPs—namely, SSP1, SSP2, SSP3, and SSP5—the population dataset offers global population estimates spanning intervals of a decade from 2010 to 2100, with a spatial resolution of 0.125° (32). Each SSP corresponds to a distinct developmental trajectory: SSP1 signifies sustainable development characterized by reduced reliance on natural and fossil fuels. SSP2 embodies a business-as-usual scenario that maintains the growth patterns of recent decades, achieves growth targets, and progressively diminishes reliance on fossil fuels. SSP3 encapsulates a global landscape of regional competition, featuring pronounced disparities between regions, a significant gap between affluence and poverty, challenges in achieving developmental objectives, and escalating reliance on fossil fuels. SSP5 represents a fossil-fueled development approach, prioritizing economic expansion and addressing socioeconomic issues through self-interested actions (19). To ensure compatibility with the NEX-GDDP-CMIP6, we performed bilinear interpolation to adjust the population data to a resolution of 0.25° × 0.25°.



2.4. Study periods and regions

Consistent with previous studies (16, 33), the period from 1995 to 2014 is designated as the baseline, while the period spanning 2030 to 2100 is considered as the future timeframe. Additionally, we have segmented the future into 10 years intervals to analyze the projections for each decade: the 2030s (2030–2039), 2040s (2040–2049), 2050s (2050–2059), 2060s (2060–2069), 2070s (2070–2079), 2080s (2080–2089), and 2090s (2090–2099).

The geographic zoning of China (Figure 1A) is used to identify seven subregions: South China (SC), East China (EC), Northeast China (NE), Northwest China (NW), North China (NC), Central China (CC), and Southwest China (SW).
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FIGURE 1
 (A) Cartographic representation of China’s topography (units: meters). (B) Changes in China’s annual HSI projected for the period 2031–2100, relative to the present levels (units: °C). The delineations in green, blue, yellow, and red correspond to SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5, respectively. The shaded area depicts the model’s variations within a 95% CI.




2.5. Calculation for heat stress index

Episodic temperature is a measurement of heat stress in humans that takes into account ambient factors such as temperature and humidity (34, 35). The HSI is a composite index that combines temperature and humidity to establish an equivalent temperature that reflects human perception (36). It is derived from Rothfusz’s multiple regression analysis and is as follows.

[image: image]

If the relative humidity drops below 13% and the temperature falls within the range of 26.7°C to 44.5°C, subtract the specified value, Adj, from the HSI, where T represents the temperature in degrees Celsius, HSI signifies the heat stress in degrees Celsius, and RH represents the relative humidity in percent.
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For relative humidity above 85% and temperatures between 26.7°C and 30.5°C, add the following Adj to the HSI:
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In situations where temperature and relative humidity outcomes indicate that the HSI value falls below approximately 26.7°C, the applicability of the Rothfuss regression method becomes limited. In such cases, a more straightforward formula can be employed to compute values that align with the results derived from Steadman’s approach (35).
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2.6. HSI-mortality relationship

Utilizing data from 195 sites in China, a two-stage analysis is employed to quantify the existing relationship between the HSI and mortality. In the initial stage, daily recorded data on HSI and mortality are employed to create quasi-Poisson regressions integrated with distributed lag nonlinear models (DLNM). This approach is adopted to establish the connection between HSI and mortality for each specific location, following the methodology outlined by Gasparrini et al. (37). Within the DLNM framework, cross-basis functions are introduced to model the non-linear and lagged effects of HSI on mortality. To facilitate prediction and compute the reference prediction, the “crosspred” function is employed.
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where morti is the daily mortality on the day i. The parameter α stands for the intercept. DOW signifies the impact of the day of the week. HSIi,l denotes the cross-base matrix of the two dimensions of the HSI and lag days. β is the coefficient vector for HSIi,l. ns is the normal three-spline function. df represents the degree of freedom. For controlling long-term trends, a natural cubic spline with 7 degrees of freedom per year is employed for a time. Our previous studies have indicated that heat has an impact on mortality within a period of approximately 3 weeks, taking into consideration potential influences related to harvesting (38). Therefore, a lag of 21 days is selected, which is considered adequate for capturing the hysteresis effect of temperature without excessive complexity. The association between cumulative temperature and mortality in each district or county is quantified as a relative risk. The risk for each temperature series is compared to the minimum mortality HSI, which represents the HSI with the lowest mortality risk. Additional insights can be derived from prior studies (14, 38).

Owing to variations in health impacts between urban and rural settings, it was not feasible to assess the HSI-mortality relationship within provincial capitals. However, it’s noteworthy that heat-related risks exhibit similarities within the same climatic subregions (39). In the subsequent phase, a multivariate meta-analysis is conducted using the constrained maximum likelihood approach to investigate the HSI-mortality relationship. This analysis aims to reveal zonal patterns in the risk of HSI-related mortality. Subsequently, the best linear unbiased prediction (BLUP) method is employed to forecast the cumulative HSI-mortality relationship for each subregion. Detailed procedures can be found in the work by Gasparrini et al. (40). Heterogeneity is assessed through the utilization of Cochran’s Q approach and an extension of the I2 statistic.

The methodology described above for analyzing the relationship between HSI and mortality is similar to the widely accepted approach used for analyzing the relationship between temperature and mortality. By aggregating data points from a specific region, it is possible to construct an HSI-mortality exposure-response curve that provides an overall understanding of the impact within that region (15, 41, 42).



2.7. Estimated heat-related mortality

Following a methodology similar to the prior investigations (14, 38, 43, 44), we conduct estimations of heat-related mortality utilizing the NEX-GDDP-CMIP6 datasets. The number of daily HSI-related deaths for each grid point is first calculated. Deaths due to high temperatures are calculated by summing the subset of days with temperatures above minimum mortality HSI (relative risk of 1). Then we sum the deaths with HSI above the minimum mortality HSI to give the number of heat-related deaths for the year. Additionally, the heat-related mortality is derived by dividing the number of heat-related deaths by the relevant grid population. Importantly, it’s noteworthy that regional heat-related mortality pertains to the ratio of regional heat-related deaths to the regional population. The calculation methodology is outlined as follows:
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The attribute fraction (AF) for a specific HSI value is computed from the relative risk (RR) determined using DLNM and meta-analyses across distinct subregions. This calculation assumes a consistent exposure-response relationship throughout the study timeframe. In the provided equations, Px,y and Mtx,y are the population and baseline mortality at grid x in year y. Dx,d and HSIx,d are the daily HSI-related deaths and the HSI for day d in year y. HMx,y (Reg_HMy) and HDx,y (Reg_HDy) symbolize the (regional) annual heat-related mortality and deaths, respectively. In this study, the minimum mortality HSI for NE, NC, NW, EC, CC, SW, and SC is about 24°C, 26°C, 25°C, 25°C, 35°C, 29°C, and 32°C, respectively (Figure 2). The above steps are performed for each model and then average the outcomes of the models to get the ensemble mean.
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FIGURE 2
 Collective cumulative non-linear associations between the HSI and daily mortality across lag days ranging from 0 to 21 are presented for each subregion within China. The curved lines illustrate the relative risk of HSI in comparison to the optimal HSI (signified by vertical gray dashed lines) associated with the lowest risk. The red and blue curved lines indicate the impact of heat and cold, respectively. The shaded regions encompass the 95% CI. (A–G) are for NE, NC, NW, EC, CC, SW, and SC, respectively.




2.8. Uncertainty analysis

Similar to previous research (21, 45), the principal sources of uncertainty in projecting future heat-related mortality within this study are attributed to the relationship between the HSI and mortality, as well as the divergences in HSI emanating from different model simulations. To address these uncertainties, a methodology involving Monte Carlo simulation (46) is harnessed to generate 1,000 samples of adjusted BLUP coefficients. This approach operates on the assumption that the estimations adhere to a multivariate normal distribution.

Subsequently, evaluations are conducted for each selected NEX-GDDP-CMIP6 simulation (45, 47). By aggregating the outputs from NEX-GDDP-CMIP6, the ensemble mean across multiple models is adopted as a representative depiction of the overall outcomes (16). The associated level of uncertainty is conveyed using a 95% confidence interval (CI). This interval, spanning the spectrum from the 2.5th to the 97.5th percentiles of the empirical distribution across the NEX-GDDP-CMIP6 results, serves as a quantification of the extent of uncertainty.



2.9. Contributions attributed to temperature and humidity

To examine the effects of temperature and humidity variations on heat-related mortality, we employ the Gini importance metric derived from the Random Forest algorithm (48). This approach allows us to elucidate the separate contributions of these intrinsic factors. The architecture of the random forest consists of decision trees, each comprising internal nodes and leaves. These internal nodes use specific features to split the dataset into two subsets with similar outcomes. Feature selection criteria, such as Gini impurity for classification or information gain, along with variance reduction for regression, guide the choice of features at internal nodes. The reduction in impurity attributed to each feature is measured, and the feature that leads to the most significant reduction is selected as the internal node. The significance of a feature is determined by calculating the average reduction in impurity across all trees in the forest.

In this study, we evaluate the individual impacts of temperature and humidity on heat-related mortality in each subregion across different scenarios. Utilizing data from multiple models, we incorporate annual temperature, humidity, and heat-related mortality data into the Random Forest model for simulation at each inhabited grid point within the subregion. It’s important to note that we exclusively consider temperature and humidity values for days when the HSI exceeds the minimum mortality HSI. The resulting Gini importance values for temperature and humidity, obtained from the Random Forest analysis, are scaled by a factor of 100% to represent their respective distinct contributions.




3. Results


3.1. Future heat stress changes across China

The future annual HSI for China is anticipated to escalate across various scenarios, with the most substantial increase observed under SSP5-8.5 (Figure 1B). Specifically, for SSP5-8.5, the projected HSI increase in 2031 is estimated to be 1.16°C (95% CI: 0.51–1.81°C) higher than the present, and this elevation is anticipated to reach 7.96°C (95% CI: 7.02–8.90°C) by the year 2100. In contrast, under lower emission scenarios such as SSP1-2.6, the projected HSI elevations in China are forecasted to be 0.78°C (95% CI: 0.06–1.54°C) in 2031 and merely 1.54°C (95% CI: 0.92–2.16°C) by 2100. This projection under SSP1-2.6 represents approximately 20% of the increase witnessed under SSP5-8.5.

Importantly, it is noteworthy that under the SSP1-2.6 scenario, the growth of HSI will reach a plateau after 2060 and exhibit a decline in the 2090s (Figure 3A). Specifically, during the 2090s, China is projected to encounter an annual HSI increase of about 1.60°C (95% CI: 0.96–2.23°C), which is lower than the increase of 1.67–1.69°C (95% CI: 0.99–2.34°C) anticipated during the period from the 2060s to the 2080s. This disparity could be attributed to the fact that under SSP1-2.6, China’s temperature escalation will plateau by the end of the century, while humidity levels are projected to decrease (Supplementary Figures S1A, S2A). In contrast, under other scenarios (SSP2-4.5, SSP3-7.0, and SSP5-8.5), despite a projected decline in humidity after the 2060s (Supplementary Figure S2A), temperatures will persistently rise (Supplementary Figure S1A), thereby perpetuating the growth of HSI through the year 2100 (Figure 1B).
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FIGURE 3
 Projected alterations in HSI for China and its seven subregions are illustrated. The bars in green, blue, yellow, and red symbolize the averaged results for every 10 years under SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5, respectively (units: °C). At the upper part of each bar, a vertical black line signifies the range of model variations within a 95% confidence interval. (A–H) are for China, NE, NC, NW, EC, CC, SW, and SC, respectively.


Focusing on future changes in the subregions, the projections consistently indicate significant HSI changes, with the highest increases observed under the high-emission scenario (Figure 3). Among the seven subregions, SC is projected to undergo the greatest HSI growth, with an estimated increase of 10.46°C (95% CI: 9.17–11.74°C) relative to the present in the 2090s under SSP5-8.5. Conversely, NW is projected to have the lowest increase among the subregions, approximately 6.39°C (95% CI: 5.72–7.05°C) under SSP5-8.5 in the 2090s. Furthermore, the HSI increases in NW, NC, NE, and SW are expected to be lower than the national average. Interestingly, these regions are all characterized by high latitude and high altitude areas in China.

The projections of future temperatures align closely with the HSI trends (Supplementary Figure S1), and there are regional differences in changes in relative humidity (Supplementary Figure S2). Overall, a decrease in relative humidity is anticipated for China and most regions in the future. However, the relative humidity in NC and NW is projected to increase across all scenarios, and additionally in EC and CC by 2070 under SSP3-7.0. When considering the future changes in HSI, temperature, and humidity together, although humidity is expected to decrease in most areas, the HSI remains relatively consistent with the temperature trend. This may be attributed to small variations in humidity (no more than ±3%), resulting in a minor effect on HSI.



3.2. Projected future HSI-related mortality

Drawing upon the historical correlations between HSI and mortality, as gleaned from the two-stage analysis (Figure 2), alongside the corresponding location-specific daily HSI data, we have derived estimations for the foundational heat-related mortality rates in China and its subregions (Supplementary Table S3). At present, SC exhibits the highest heat-related mortality, in contrast to NW which displays the lowest rates. Assuming a consistent relationship between HSI and mortality from the present into the future, we can project the heat-related mortality for the period between 2031 and 2100 by amalgamating the anticipated daily HSI values from NEX-GDDP-CMIP6 with the current exposure-response correlation (Figure 4).
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FIGURE 4
 Future heat-related mortality for China and seven subregions. Green, blue, yellow, and red dots (accompanied by lines) signify the results (with model spreads shown within a 95% CI) averaged for every 10 years spanning 2031 to 2100 under SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5, respectively (units: ‰). The black dashed lines depict the baseline heat-related mortality for each subregion. (A–H) are for China, NE, NC, NW, EC, CC, SW, and SC,respectively.


In the forthcoming decades of the 21st century, heat-related mortality in China and its subregions is anticipated to exceed current levels across all scenarios. As depicted in the future HSI projections (Figure 3), heat-related mortality under high-emission scenarios will outpace that under low-emission scenarios. For instance, China’s annual heat-related mortality during the period 2031–2100 is projected to span from 0.09–0.12‰ (95% CI: 0.08–0.13‰), 0.09–0.17‰ (95% CI: 0.07–0.19‰), 0.09–0.23‰ (95% CI: 0.08–0.25‰), and 0.10–0.30‰ (95% CI: 0.08–0.33‰) for SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5, respectively (Figure 4).

In contrast, scenarios that exclude SSP1-2.6 project a continued elevation in China’s heat-related mortality throughout the century, culminating in the highest rate during the 2090s. However, under the SSP1-2.6 scenario, heat-related mortality is expected to peak in the 2070s at around 0.12‰ (95% CI: 0.10–0.13‰). Consistent with regional variations in HSI, SC is anticipated to experience the highest heat-related mortality among the seven subregions, ranging approximately from 0.18–0.48‰ (95% CI: 0.15–0.51‰), while NW is projected to have the lowest, ranging approximately from 0.02–0.13‰ (95% CI: 0.02–0.15‰). Additionally, NC, SW, and CC are anticipated to have higher heat-related mortality compared to the national average in the future, whereas other subregions are predicted to remain below the national average.

Considering the anticipated alterations in future ratios as compared to the present (Figure 5), it is foreseeable that China’s annual heat-related mortality will undergo substantial escalation, encompassing a range of 215 to 380% overall. Notably, the most notable and minimal increments are projected under the SSP5-8.5 and SSP1-2.6 scenarios, respectively. This underscores the notion that even in the scenario where the most modest emission reduction goals established by the IPCC are realized, China’s heat-related mortality is still expected to double in comparison to the current baseline.
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FIGURE 5
 Altering proportions of upcoming heat-related mortality as compared to the present baseline, averaged across the period 2031 to 2100, across the scenarios SSP1-2.6 (A), SSP2-4.5 (B), SSP3-7.0 (C), and SSP5-8.5 (D).


Among the various subregions, those situated at high latitudes and altitudes (excluding NC) are anticipated to undergo a more pronounced growth rate in heat-related mortality compared to other regions. Throughout 2031–2100, SW is expected to witness the highest annual increase in heat-related mortality, ranging approximately from 254% to 554% compared to the current level, marking the highest among the seven subregions. Conversely, EC is projected to experience the lowest increase, ranging approximately from 179% to 274%.

For all scenarios except SSP1-2.6, the average heat-related mortality in subregions during the period of 2031–2100 is projected to rise to at least 200% of their current levels. Notably, under SSP5-8.5, SW and NE will experience increases exceeding 500%. Analyzing the increases per decade (Supplementary Figure S3), differences among the scenarios are relatively modest in the 2030s, with almost no subregion surpassing a 200% increase. However, these differences become more pronounced in the subsequent decades. By the 2090s, heat-related mortality in most areas under SSP5-8.5 could be 6–7 times higher than the present levels, while under SSP1-2.6, it is projected to remain under 3 times the current level. This underscores the potential benefits of emission reduction in mitigating heat-related risks. However, it’s important to note that immediate success in risk reduction might not be achievable in the short term, emphasizing the necessity of strategic planning to effectively manage the impacts of climate change.



3.3. Temperature and humidity contributions to heat-related mortality

Assessing the individual impacts of temperature and humidity on heat vulnerabilities within each subregion can enhance the precision of climate change adaptation strategies (12, 42). Firstly, our analysis only considers grids with inhabited residences. Secondly, it’s important to clarify that we exclusively include dates linked to heat risk, where the HSI for a given day surpasses the minimum mortality HSI threshold (i.e., corresponding to heat-related mortality above 0). Consequently, our investigation focuses on understanding the impact of temperature or humidity on heat-related mortality when a state of vulnerability to heat has already been established. In simpler terms, the discussion regarding humidity’s influence on heat mortality does not suggest that humidity alone can create vulnerability to heat. Our consistent perspective is that the effect of humidity on the risk of heat-related mortality is contingent upon elevated temperature conditions.

As depicted in Figure 6, the impacts of temperature and humidity on heat-related mortality in China and its subregions are analyzed for both current and future periods. Currently (Figure 6A), the contribution of China’s humidity and temperature to heat-related mortality change is about 59.4% and 40.6%, suggesting that humidity changes have a greater impact. Similar patterns are observed in NE, NC, NW, and CC, where humidity in NC contributes to 64.3% of heat-related mortality changes. In most southern areas (EC, SW, and SC), temperature plays a more important role.

[image: Figure 6]

FIGURE 6
 The pie charts illustrate the combined impacts of humidity (blue) and temperature changes (red) on heat-related mortality in China and its seven subregions for the period 2031 to 2100. These projections encompass scenarios from SSP1-2.6 (A), SSP2-4.5 (B), SSP3-7.0 (C), and SSP5-8.5 (D).


In the future (2031–2100), with rising emissions and ongoing global warming, the influence of temperature will become more prominent (Figures 6B–E). For China, temperature is projected to be the predominant factor driving changes in heat-related mortality, contributing to 59.1%, 68.1%, 73.3%, and 79.3% of heat mortality changes under SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5, respectively. Under SSP1-2.6 (Figure 6B), the humidity will still exert a stronger influence on heat mortality changes than the temperature in the northern subregions (NC, NE, and NW). However, its impact will diminish compared to the present, with the most significant decrease occurring in NC (almost 10%). Under SSP2-4.5 and SSP3-7.0 (Figures 6C,D), only one subregion each, NC and NW respectively, will have slightly higher contributions from humidity compared to temperature. In the case of SSP5-8.5, temperature will hold a greater sway on heat-related mortality than humidity across all subregions, particularly in SC, where temperature is projected to account for 85.9% of the contributions. Overall, the future impacts of temperature on heat-related mortality will amplify as emissions-driven climate warming intensifies.




4. Discussion

Humidity emerges as a pivotal factor in shaping heat-related health vulnerabilities. This study leverages the NEX-GDDP-CMIP6 datasets to project forthcoming heat-related mortality in China, incorporating the HSI that encapsulates both temperature and humidity. The results underscore a future surge in heat-related mortality across China and its subregions due to the confluence of climate change and emissions. A noteworthy and intriguing discovery lies in the higher contribution of humidity to changes in heat mortality within the northern subregions compared to their southern counterparts. This phenomenon might be attributed to the prevalence of wet and dry heat events, often coinciding with extreme heat occurrences. In regions marked by predominantly wet and warm conditions, like the south, high humidity during heat events mitigates the impact, rendering humidity-driven changes less influential. In contrast, the northern areas witness fluctuations in humidity that can convert a dry heat event into a moist one, leading the HSI to surpass critical risk thresholds. In such scenarios, the effect of humidity is amplified, accentuating its role in shaping heat-related mortality.

Furthermore, our findings reveal a noteworthy similarity in the anticipated heat-related hazards across various emissions scenarios prior to 2040. This resemblance can be attributed to the persistent nature of greenhouse gases in the environment, suggesting that alterations in carbon emissions will not yield immediate climate effects. Consequently, the populace of China will persist in confronting noteworthy heat vulnerabilities in the forthcoming decades. It’s important to emphasize that even within a trajectory of lower emissions (SSP1-2.6), the future toll of heat-related fatalities is projected to exceed current levels, thereby presenting substantial challenges for both emergency response protocols and healthcare systems. Hence, in conjunction with the endeavor to curtail emissions for the purpose of achieving carbon neutrality, it becomes imperative to formulate localized emergency strategies that adeptly manage the repercussions of extreme heat on human well-being.

Our findings exhibit both similarities and differences when compared to previous studies utilizing raw CMIP6 simulations (11, 12, 16, 33, 42, 49). Specifically, we find that future HSI with the related heat risks will increase with higher emissions across China, particularly in high latitude and high altitude areas. Additionally, we note that the humidity in NC is projected to increase in the future. This aligns with the findings of Zhang et al. (16), which indicated an increase in humidity for the Beijing-Tianjin-Hebei urban agglomeration. These consistent results support the robustness of our and previous conclusions. However, it is worth mentioning that the future increases in HSI projected in our study are slightly lower compared to previous CMIP6-based findings, particularly in northern areas. This discrepancy may be attributed to the bias correction and statistical downscaling applied by NEX-GDDP-CMIP6, which could lead to a reduction in the estimated future temperatures (24). Furthermore, our study suggests that future changes in humidity are unlikely to exceed ±3% across China, whereas a previous study indicated a reduction in humidity exceeding 4% in CC (16). The reasons behind these differences require further investigation and may also be associated with the BCSD method performed by NEX-GDDP-CMIP6.

This study presents several limitations that warrant consideration. The influence of societal progressions on human adaptation to elevated temperatures cannot be overlooked. Factors such as economic prosperity, medical advancements, and educational improvements can potentially reshape baseline mortality, consequently impacting heat-related fatalities. Within the scope of this investigation, we operate under the assumption that forthcoming populations will maintain a comparable baseline mortality rate and a similar relationship between HSI and mortality as observed presently. However, it’s important to acknowledge that the HSI-mortality relationship is poised to change in response to the evolution of human tolerance to elevated temperatures. For instance, as human resilience to heat stress strengthens, the HSI value associated with the lowest mortality is likely to rise. These dynamic elements introduce intricacies and uncertainties into the risk assessment undertaken within this study. Subsequent assessments could enhance precision in forecasting HSI-related fatalities by recalibrating exposure-response connections and baseline mortality figures, leveraging more advanced data. Additionally, it’s worth noting that the methodology of statistical downscaling primarily hinges on statistical correlations and pattern assimilation, without direct modeling of physical mechanisms. This could potentially introduce biases between downscaled projections and actual physical processes, particularly on a global scale where future conditions deviate from the present circumstances.



5. Conclusion

In summary, this study offers projections of forthcoming alterations in heat stress and heat-associated mortality across China and its subregions within the context of diverse emission scenarios. The outcomes underscore a universal escalation in the annual heat stress index (HSI) across all envisaged pathways, with the most significant surge anticipated within the high-emission context (SSP5-8.5). By the year 2100, China’s HSI will amplify by 7.96°C under SSP5-8.5. Notably, among the subregions, the most substantial HSI augmentation is expected within SC, whereas NW is poised to exhibit the slightest rise. Furthermore, the prognosis reveals a projected increase in future heat-related mortality, eclipsing current benchmarks across all scenarios. The acutest escalation in heat-related mortality emerges for SSP5-8.5. However, even within the relatively moderate emission framework of SSP1-2.6, China’s heat-related mortality is poised to potentially double the present rate. Within the analysis, we also delve into the contributions of temperature and humidity to shifts in heat-related mortality. Presently, humidity exerts a more pronounced influence on these variations. Yet, with the trajectory of heightened emissions and impending global warming, temperature is anticipated to evolve into the predominant determinant. These revelations underscore the exigency for adaptive strategies to ameliorate the repercussions of heat stress and heat-related mortality across China. The imperative lies in not only emissions reduction but also in the strategic implementation of planning measures to adeptly navigate climate transformations and safeguard public well-being.
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Introduction: Urban ozone pollution in China is becoming increasingly serious. Climate warming, high temperatures, and ozone pollution all have significant impacts on human health. However, the synergistic effects of high temperatures and ozone pollution in summer on human health are rarely studied. China is at a critical stage of environmental pollution control. Assessing the health impact of high temperatures and ozone exposure on the number of deaths from circulatory diseases is of great significance for formulating ozone-related prevention and control policies.

Methods: This study uses daily data on deaths from circulatory system diseases in Shijiazhuang from June to August during the summer of 2013–2016, as well as concurrent meteorological data and concentration of O3 and PM2.5 pollution data. The generalized additive model (GAM) with Poisson distribution, smooth curve threshold effect, and saturation effect method is used to control for confounding effects.

Results: The study evaluates the impact of short-term exposure to temperature and ozone on deaths from circulatory system diseases and the synergistic effect after controlling for confounding factors. The results show that the impact of temperature and ozone on deaths from circulatory system diseases in Shijiazhuang is nonlinear, with a temperature threshold of 27.5°C and an ozone concentration threshold of 100 μg/m3. With an increase of temperature by 1°C, the risk of deaths for total population, men and women are 6.8%, 4.6% and 9.3%, respectively. The increase in temperature and ozone concentration has a greater impact on women; in men, the increase has a lag effect of 2 to 3 days, but the lag did not affect women.

Discussion: In conclusion, high temperatures and high ozone concentration have synergistic enhancement effects on circulatory system diseases. Prevention and scientific management strategies of circulatory system diseases in high temperatures and high ozone environments should be strengthened.

KEYWORDS
 high temperature and ozone concentration, circulatory diseases, the number of deaths, synergistic effect, health effect


1. Introduction

China used to suffer from serious air pollution. With the Chinese government’s efforts to reduce emissions, PM2.5 and other fine particulate matter pollution has been significantly improved. However, ozone (O3) pollution has become increasingly serious in recent years, and has become a serious problem for China’s urban environment (1–3). Especially against the background of global warming, the frequency and intensity of heat wave events has increased. The dual effects of high temperatures and ozone pollution may coexist for a long time, and will seriously threaten people’s health and become a new focus of attention (4–6).

According to the Lancet Countdown China report, the number of heatwave exposure days per capita in China increased by 4.51 days in 2020 compared to the 1986–2005 average, resulting in an increase of about 92% in heatwave related deaths, and the impact on human health is increasing. High ozone pollution can lead to an increase in related diseases and deaths (7–9). Previous studies focused more on the impact of one atmospheric environmental condition on health, such as high temperatures or ozone. However, there are few studies on whether high temperatures and ozone exposure have synergistic effects on human health.

The Beijing-Tianjin-Hebei region is an area with serious air pollution, and the ozone concentration has been on the rise in recent years (10, 11). Shijiazhuang, the capital city of Hebei Province, is also a representative city in northern China. In this paper, ozone concentration data published on the website of the Ministry of Environmental Protection of China during 2013–2016 and circulatory system disease deaths in Shijiazhuang during the same period are used. Based on epidemiological analysis, a generalized additive model and nonparametric binary response model are used to evaluate the effects of air temperature and short-term exposure to ozone on the number of deaths from circulatory system diseases in Shijiazhuang. The objective is to further explore the impact risks of high temperatures and O3 pollution on human health in an environment with multiple exposures, so as to strengthen the proactive prevention awareness of highly sensitive people and provide a basis for the government to formulate scientific prevention and control policies.



2. Data and methods


2.1. Data sources

This study is conducted in Shijiazhuang (114° 48’e, 38° 03’n), the capital of Hebei Province in northern China. The number of daily circulatory disease deaths in Shijiazhuang during the summer (from 1 June to 31 August) from 2013 to 2016 is obtained from the Chinese Center for Disease Control and Prevention. According to the 10th edition of the International Classification of Diseases (IDC-10, coded as I00-99), deaths from coronary heart disease, ischemic heart disease, ischemic stroke, cerebral hemorrhage, and cerebral infarction are included.

The data of daily mean temperature, relative humidity, and air pressure in Shijiazhuang during the summer (from 1 June to 31 August) from 2013 to 2016 are provided by Hebei Meteorological Information Center. Data of O3 (O3-8h) and PM2.5 average daily concentration of atmospheric pollutants during the same period are obtained from the website of the Ministry of Environmental Protection of China. All of this data are quality-controlled before being released by professional organizations.



2.2. Research methods

The daily death number of circulatory system diseases is calculated according to time series, and the influence of temperature and O3 short-term exposure on death number of circulatory system diseases is evaluated using a generalized additive model (GAM) of Poisson distribution (12, 13). Before assessing the synergistic effect of air temperature and O3 on the daily death number of circulatory system diseases, the influences of daily mean air temperature and O3 concentration on daily death number of circulatory system diseases are studied, respectively, to determine whether there is a curve relationship. In this model, the daily death number of circulatory system diseases is taken as the dependent variable, the air temperature (O3) as the independent variable, and the regression spline function is used to control the confounding effects of time trend (Time), annual change (Year), Holiday effect (Holiday), relative humidity (RH), and PM2.5 concentration. The partial autocorrelation function (PACF) is used to select the degrees of freedom for the time trend until the absolute value of the sum of PACFs reaches a minimum. The research formula is as follows:

[image: image]

In the formula, Yt is the daily death number of circulatory diseases on day t, E (Yt|X) is the expected daily number of deaths from circulatory system diseases on day t, α is the intercept, β is the regression coefficient, Χ is the temperature T (ozone O3), s() is a nonlinear spline function, and df is the degree of freedom.

Secondly, stratified thresholds of daily mean temperature and O3 concentration are analyzed according to threshold effect and saturation effect of smooth curves, and tested by logarithmic likelihood ratio. Third, the synergistic effect of air temperature and O3 on the daily death number of circulatory diseases is analyzed.

All results are expressed as relative risk (RR) and 95% confidence interval (95% CI), with p < 0.05 as the test of statistical significance. In addition, the impact on different genders is assessed.




3. Results


3.1. Background analysis of air pollution in Shijiazhuang

According to GB 9137–88 and HJ 633–2012, the concentrations of major air pollutants O3 and PM2.5 in Shijiazhuang are calculated from June to August in the summers of 2013–2019, and their concentrations relative to O3 < 100 μg/m3 (Grade I: excellent) and the number of days exceeding the standard compared with PM2.5 < 35 μg/m3 (Grade I: excellent) to analyze the change characteristics of air pollution in Shijiazhuang. Figure 1 shows the number of days when the concentration of main air pollutants O3 and PM2.5 exceeded the standard in Shijiazhuang and their variation trends. Over the past 7 years, as the government has stepped up to address pollution, the PM2.5 concentration in Shijiazhuang has dropped significantly in summer, with the number of days with PM2.5 exceeding 35 μg/m3 decreasing by 5.3 days per year on average. The average PM2.5 concentration in the summer of 2013 was 94.3 μg/m3, and by the same period in 2019 it was 34.3 μg/m3, which means the average PM2.5 air quality level throughout the summer is excellent. However, the O3 concentration shows an obvious upward trend. In the summer of 2013, the average O3 concentration was 137.3 μg/m3, while in the summer of 2019, the average O3 concentration was 137.3 μg/m3. The average O3 concentration increased by 27.6% over the past 7 years. The number of days exceeding the O3 standard increased from 66 days in 2013 to 84 days in 2019, with an annual growth rate of 3.6. It can be seen that ozone pollution should become a new focus of attention.

[image: Figure 1]

FIGURE 1
 PM2.5 and ozone concentrations in summer (June to August) from 2013 to 2019 in Shijiazhuang City.




3.2. Statistical characteristics of circulatory system disease deaths, pollutant concentration, and meteorological elements in Shijiazhuang

Table 1 shows the statistical characteristics of circulation system deaths and meteorological environment elements in Shijiazhuang. In the summer (1 June to 31 August) from 2013 to 2016, 4,420 people died from circulatory diseases in Shijiazhuang city, of which 54.3% were men and 45.7% were women. The average daily death number from circulatory system diseases in Shijiazhuang city was 12.0, and the maximum daily death number was 40.0. During the corresponding period, the average daily temperature was 26.8°C, the relative humidity was 64.7%, O3 concentration was 123.6 μg/m3, and PM2.5 concentration was 71 μg/m3.



TABLE 1 Statistical characteristics of circulatory system disease deaths and meteorological elements and air pollutants in Shijiazhuang from June to August, 2013 to 2016.
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3.3. Exposure-response relationship between daily mean temperature, ozone, and deaths from circulatory diseases in Shijiazhuang

Figure 2 shows the exposure-response relationship between daily mean temperature, ozone concentration, and the number of deaths from circulatory diseases in Shijiazhuang. The model controls the confounding effects of time trend, annual change, holiday effect, relative humidity, and PM2.5 concentration. The daily mean temperature, ozone concentration, and the number of deaths from circulatory diseases show nonlinear changes. The increased risk of daily deaths from circulatory diseases is 1.6% (95%CI: 1.001, 1.032) for every 1°C increase in daily mean temperature. The increased risk of daily death from circulatory disease is 2.1% for every 10 μg/m3 increase in O3 concentration (95%CI: 1.007, 1.034). It can be seen that rising temperatures and increasing ozone concentration are associated with an increased risk of death from circulatory diseases.

[image: Figure 2]

FIGURE 2
 Variation curves of average temperature, O3, and circulatory system disease deaths in Shijiazhuang from June to August, 2013 to 2016.




3.4. Effects of air temperature and ozone on circulatory disease deaths under different thresholds

Based on the previous analysis, the smoothing curve threshold effect and saturation effect method are used to analyze the threshold effect of temperature and ozone on the death number of circulatory system diseases. Table 2 shows the relative risk and 95% confidence interval (95%CI) of the influence of daily mean temperature on the number of deaths from circulatory diseases under the stratification of temperature and ozone threshold. When the daily mean temperature is higher than 27.5°C, the daily death number of circulatory diseases changes steadily with temperature. The relative risk (RR) of increased daily deaths from circulatory diseases is 0.997 (95%CI:0.976, 1.019) for every 1°C increase in mean temperature. If the RR is less than 1, no risk relationship is found. The RR of daily deaths from circulatory diseases increases by 1.049 (95%CI: 1.017, 1.083) for every 1°C increase in mean temperature above 27.5°C. RR greater than 1 is associated with an increased risk of 4.9% and is tested for significance at p < 0.05. The log-likelihood ratio of air temperature between the two layers is 0.023, and the threshold stratification is statistically significant.



TABLE 2 Relative risk and 95% confidence interval (95%CI) for the effect of temperature and O3 on the number of circulatory system deaths in Shijiazhuang from June to August, 2013 to 2016.
[image: Table2]

Similarly, when the O3 concentration is lower than 100 μg/m3, the RR for increasing the number of daily deaths from circulatory diseases is 0.994 (95%CI: 0.965, 1.025) with an increase of 10 μg/m3, and no risk relationship is found. When O3 concentration is higher than 100 μg/m3, the RR of daily deaths from circulatory diseases increases by 1.037 (95%CI: 1.015, 1.059) and the risk increases by 3.7% for every 10 μg/m3 increase in O3 concentration (p < 0.0001). The risk relationship passes the significance test.



3.5. Synergistic effects of air temperature and ozone on circulatory disease deaths

According to the stratification of ozone concentration and daily mean temperature threshold, the influence of every 1°C increase in daily mean temperature on the number of deaths from circulatory system diseases and the relationship between men and women are calculated, respectively, under different ozone concentrations and different temperature threshold intervals (Table 3). When the O3 concentration is less than 100 μg/m3, the temperature effects of different stratifications are different. When the temperature is less than 27.5°C, no significant risk relationship is found among the total population or among men. When the temperature is higher than 27.5°C, with an increase of temperature by 1°C, the risk of the total number of deaths from circulatory diseases is 6.8% (95% CI:0.929, 1.228), but there are only 33 samples, and p < 0.05 is not statistically significant. When the O3 concentration is greater than 100 μg/m3 and the temperature is lower than 27.5°C, no significant risk is found in the total population or among men. However, when the temperature is greater than or equal to 27.5°C, every 1°C increase in daily mean temperature has an increased risk for the total number of deaths from circulatory diseases, for men and women, of 6.8% (95%CI: 1.025, 1.114), 4.6% (95%CI: 0.988, 1.109), and 9.3% (95%CI: 1.029, 1.162). In conclusion, when the O3 concentration is greater than 100 μg/m3 and the air temperature is greater than 27.5°C, both the total number and the number of male and female deaths show the greatest risk effect value, indicating that higher air temperature and high ozone pollution have a synergistic enhancement effect on the number of circulatory deaths, especially for women.



TABLE 3 Relative risk and 95% confidence interval (95%CI) of circulatory system deaths with every 1°C increase between different concentrations of temperature and O3 interval.
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3.6. Lagged effects of temperature and ozone on deaths from circulatory diseases

Based on the analysis of the synergistic effect of temperature and ozone on the death number of circulatory system diseases, the lag effect is further analyzed. Table 4 shows the relative risk and 95% confidence interval (95%CI) of the total number of deaths in the circulatory system in Shijiazhuang for every 1°C increase in temperature when O3 ≥ 100 μg/m3 and T ≥ 27.5°C, with 0 to 9 days lag. It can be seen that the lag effect of the synergistic effect of temperature and ozone is more complex. The risk of 3 days lag (T.3) is 6.9% (95%CI:1.029, 1.111), and the risk of 9 days lag (T.9) increases to 7.7% (95%CI: 1.034, 1.121), p < 0.001, where the statistical significance is increased. For men, the risk increases to 6.4% at 2 to 3 days lag, and reaches the maximum of 7.7% at 7 days lag (95%CI: 1.021, 1.136), which passes the significance test of p < 0.05. While for women, it is still the same day that has the greatest impact risk and no lagged effect is found. In conclusion, the synergistic effect of air temperature and ozone has the highest risk for women and no lag effect is found, while for men there is a lag effect of 2 to 3 days and 7 days. The total number shows three high risk values on the same day, 3 days, and 9 days, respectively.



TABLE 4 The relative risk and 95% confidence interval (95%CI) of the effect of temperature increases of 1°C with different lag days on the total number of circulatory system deaths and gender in Shijiazhuang.
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4. Discussion

It is found that the effects of daily mean temperature and ozone pollution on the number of deaths from circulatory diseases in summer are nonlinear. The threshold of daily mean temperature is 27.5°C, and the threshold of ozone pollution is 100 μg/m3. High temperatures in summer increase the risk of death from circulatory diseases (14, 15). In terms of the temperature threshold index, the local comfortable temperature is used as a reference in many Chinese cities (16, 17) to obtain the temperature threshold that has an impact on the number of deaths from cardiovascular and cerebrovascular diseases. For example, the temperature in Chengdu, Harbin, Changsha, and Guangzhou is 22.2°C, 20.6°C, 25.1°C, and 26.5°C, respectively. In Shanghai (18), the median daily mean temperature of 18.2°C is taken as the reference, and the risk effect of high temperatures of 30.1°C (95th percentile of temperature) on stroke can reach 26%. In Hong Kong (19), the 75th percentile of 27.8°C is used as the control, and the mortality risk of cardiovascular and cerebrovascular accidents is 9% (95%CI: 1.006, 1.125) when the temperature is higher than 31.5°C (99th percentile). Giang PN et al. (20) showed that when the average temperature in Vietnam is higher than 26°C, the risk of admission for cardiovascular and cerebrovascular diseases increase with the increase of temperature. In this paper, aiming at the influence of summer temperature on circulatory diseases, the threshold of 27.5°C is higher than the annual comfortable temperature, but it is equivalent to the 55th percentile for summer. The death risk of circulatory system diseases caused by high temperatures is mainly related to heat stimulation of the nervous regulation of the circulatory system, increased sweating, blood viscosity, blood vessel dilation, accelerated blood circulation, tachycardia, blood pressure changes, and internal blood insufficiency (21).

When O3 concentration is higher than 100 μg/m3, the risk of daily deaths from circulatory diseases in Shijiazhuang increased by 3.7% with every increase of 10 μg/m3 in O3 concentration, and the risk is statistically significant (p < 0.05). Gu et al. (22) studied the exposure-response relationship between ozone and the number of emergency patients with cardiovascular and cerebrovascular diseases in Ningbo, and showed that when ozone concentration increased by 10 μg/m3 in the warm season, the number of emergency patients with cardiovascular and cerebrovascular diseases increased by 1.17%. Tao et al. (23) studied the acute effects of ozone pollution in the Pearl River Delta, and the total mortality rate increased by 0.81% when ozone concentration increased by 10 μg/m3, which is consistent with the results of this study. Dong et al. (24) conducted a meta-analysis of short-term ozone exposure and mortality risk in a Chinese population, and demonstrated that the rise of atmospheric ozone concentration would lead to an increase in non-accidental total mortality, cardiovascular system disease mortality, and respiratory system disease mortality. However, Hu et al. (25) studied the relationship between atmospheric ozone concentration and residents’ first aid in Shijiazhuang city from 2013 to 2015 and found that, when ozone concentration increased by 10 μg/m3, the number of residents requiring first aid for respiratory diseases increased by 1.21%, but there was no significant change in the number of residents requiring first aid for circulatory diseases. This may be related to seasonal differences and whether to adjust the confounding effect of PM2.5 pollutant (22, 26). This study mainly focuses on summer and adjusts the confounding effect of PM2.5. Ozone has a strong oxidizing ability, and short-term exposure to ozone causes the increase of systemic oxidative stress, which is related to human platelet activation and blood pressure increase, thus affecting cardiovascular health (27, 28).

The synergistic effect of temperature and ozone on population health is less studied. The North China Plain is a region with high temperatures and ozone concentrations in the summer (11). It is found that, when O3 ≥ 100 μg/m3 and T ≥ 27.5°C, the risk of death in the circulatory system is the highest 6.8% (95%CI:1.025, 1.114), with it growing with every 1°C increase in temperature. When O3 < 100 μg/m3 and T ≥ 27.5°C, the risk of circulatory death is still 6.8% (95%CI:0.929, 1.228), but is not statistically significant. When T < 27.5°C, no risk relationship is found whether ozone concentration is greater than 100 μg/m3 or not. It shows that high temperatures mainly affect the death number of circulatory system diseases in summer, and high temperatures and high ozone pollution have a synergistic enhancement effect. The study by Zhang et al. (16) showed that the interaction between air temperature and pollutants had a very complex relationship on the number of deaths from diseases. When high temperatures and high ozone concentration co-existed, there was a synergistic strengthening effect on the number of deaths from respiratory and cardiovascular diseases, which was consistent with the results of this study. Zhang (29) studied the interaction effect between air temperature and PM2.5 pollutant in Beijing and showed that when the air temperature was higher than 24°C, the risk of death from cardiovascular and cerebrovascular diseases caused by air temperature and PM2.5 together reached 3.97%, which increased the risk of death from circulatory diseases in a high temperature and high pollution environment. Ren C (30) studied the short-term effects of air temperature and ozone on the total mortality in 60 communities in the eastern United States and pointed out that high temperatures could regulate the risk of ozone death, with certain regional differences.

In the study of the lag effect and gender difference, this study finds that under a high temperature and high ozone concentration environment, there is a 3-day lag effect on the total number of deaths on men from circulatory system diseases, but there is a lag effect on women. Zhang et al. (16) performed a single ozone lag analysis and found that the risk of death from cardiovascular and cerebrovascular diseases increased by 0.66% (95%CI: 0.42, 0.90) for every increase of ozone concentration of 10 μg/m3 after 1 day’s lag. Cao et al. (31) analyzed the impact of high temperatures and heat waves on death from cardiovascular and cerebrovascular diseases in Jinan and found that there was a lag of 1 to 2 days. Gu et al. (22) analyzed the influence of ozone concentration on cardiovascular and cerebrovascular diseases by using the reception data of emergency vehicles in Ningbo and found that when ozone concentration increased by 10 μg/m3, the excess risk of the number of emergency patients for cardiovascular and cerebrovascular diseases was greater for men than women, and there was no lag effect. There are some similarities and differences between the above studies and the results of this study. In many studies, there is a lag analysis for high temperature, and there is also a lag analysis for the impact of pollutants, but the analysis of the synergistic lag of temperature and ozone is rare. Theoretically, there is a lag effect on circulatory disease from high temperatures, and there is also a lag effect from ozone. The high temperature and high ozone environment in summer enhances the risk of circulatory death, and the lag results obtained in this study are reliable.

In this study, Shijiazhuang, a representative city in northern China with frequent high temperatures in summer and serious ozone pollution, is selected. Disease data are circulatory system disease death data, and the selected cities and health conditions are more representative than outpatient case data. This study analyzes the single factor influence relationship, threshold index, synergistic effect, and lag effect of temperature and ozone, which is more comprehensive than previous analysis. It reflects the relationship based on the impact of temperature and ozone pollution on the number of deaths from circulatory system diseases, which is a common issue, but there may be certain limitations in individual exposure.



5. Conclusion

In this paper, daily circulatory system disease death data, meteorological data, and O3 and PM2.5 concentration pollution data in Shijiazhuang city from June to August in the summers of 2013 to 2016 were used to evaluate the impact of high temperatures and short-term exposure to O3 on the number of deaths from circulatory system diseases after controlling the confounding effect. It was found that high temperatures and O3 pollution had a synergistic effect on circulatory system diseases. It provides evidence for strengthening the prevention and scientific management of circulatory system diseases under high temperatures and in high ozone environments.
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Background: Hand, foot, and mouth disease (HFMD) is a significant public health issue in China, and numerous studies have indicated a close association between HFMD incidence and meteorological factors. This study aims to investigate the relationship between meteorological factors and HFMD in Yangzhou City, Jiangsu Province, China.

Methods: HFMD case reports and meteorological data from Yangzhou City between 2017 and 2022 were extracted from the National Notifiable Infectious Disease Surveillance System and the Meteorological Data Sharing Service System, respectively. A generalized additive model (GAM) was employed to assess the exposure-response relationship between meteorological factors and HFMD. Subsequently, a distributed lag nonlinear model (DLNM) was used to explore the exposure-lag-effect of meteorological factors on HFMD.

Results: HFMD in Yangzhou City exhibits obvious seasonality and periodicity. There is an inverted “U” shaped relationship between average temperature and the risk of HFMD, with the maximum lag effect observed at a temperature of 25°C with lag 0 day (RR = 2.07, 95% CI: 1.74–2.47). As the duration of sunshine and relative humidity increase, the risk of HFMD continuously rises, with the maximum lag effect observed at a sunshine duration of 12.4 h with a lag of 14 days (RR = 2.10, 95% CI: 1.17–3.77), and a relative humidity of 28% with a lag of 14 days (RR = 1.21, 95% CI: 1.01–1.64). There is a “U” shaped relationship between average atmospheric pressure and the risk of HFMD, with the maximum effect observed at an atmospheric pressure of 989 hPa with no lag (RR = 1.45, 95% CI: 1.25–1.69). As precipitation increases, the risk of HFMD decreases, with the maximum effect observed at a precipitation of 151 mm with a lag of 14 days (RR = 1.45, 95% CI: 1.19–2.53).

Conclusion: Meteorological factors including average temperature, average atmospheric pressure, relative humidity, precipitation, and sunshine duration significantly influenced the risk of HFMD in Yangzhou City. Effective prevention measures for HFMD should be implemented, taking into account the local climate conditions.

KEYWORDS
 hand, foot and mouth disease, meteorological factors, generalized additive model, distributed lag nonlinear model, China


Introduction

Hand, foot, and mouth disease (HFMD) is an acute infectious disease caused by enteroviruses, primarily Coxsackievirus A16 (CV A16) and Enterovirus 71 (EV71). HFMD is characterized by the development of characteristic lesions on the hands, feet, and mouth. The transmission routes of HFMD mainly include contact transmission, respiratory transmission, and fecal-oral transmission. This disease predominantly affects children under the age of 5 (1, 2). The majority of patients with HFMD present with symptoms such as fever, as well as vesicular or popular eruptions on the hands, feet, and oral mucosa. The prognosis is generally favorable, with self-resolution occurring within approximately 1 week. However, a small proportion of patients may develop severe complications, including aseptic meningitis, encephalitis, pulmonary edema, and other severe manifestations. In rare cases, HFMD can progress to a critical condition and even result in death (3, 4). In recent years, the Asia-Pacific region has experienced frequent outbreaks of HFMD, posing a significant threat to the lives and health of children and adolescents in affected countries. These outbreaks have also imposed a substantial disease burden on the social and economic aspects of these nations (5–7).

Meteorological factors play a pivotal role in the transmission and epidemiology of infectious diseases, and they have been identified as significant risk factors contributing to the spread of HFMD (8–10), being a seasonal infectious disease, exhibits distinct patterns during specific periods in various regions and countries (11). Notably, several Asian countries, including Japan, Singapore, and mainland China, have observed a seasonal occurrence pattern of HFMD (12). Researchers from diverse countries and regions have conducted investigations on the influence of climate on HFMD, encompassing factors such as temperature, sunshine duration, relative humidity, wind speed, and precipitation. However, the findings from these studies exhibit some inconsistencies (13, 14). Analyzing the impact of meteorological factors on the incidence of HFMD can yield valuable insights for future prevention and control endeavors. The conclusions derived from such analyses can effectively guide the development of appropriate intervention measures.

It has been established that meteorological factors possess the capacity to exert a significant influence on the transmission and dissemination of HFMD, primarily by modulating the behavioral patterns of the pathogens or the hosts involved (15). The distributed lag nonlinear model (DLNM) can be employed to investigate the relationship between meteorological factors and HFMD. Meteorological factors such as temperature, humidity, and rainfall may exhibit certain associations with the incidence rate of HFMD. By utilizing the DLNM model, meteorological factors can be treated as independent variables, while the incidence rate of HFMD serves as the dependent variable. This model incorporates lag terms and nonlinear functions to capture the delayed effects of HFMD incidence and the nonlinear relationship with meteorological factors. The advantages of DLNM include its ability to address non-linear and delayed associations, such as exposure-lag-response, through cross-basis functions. Additionally, DLNM can automatically handle various regression function models such as linear models (LM), generalized linear models (GLM), and generalized additive models (GAM). A study conducted in Beijing utilizing a case-crossover design and DLNM revealed a non-linear relationship between temperature and hand, foot, and mouth disease (HFMD), indicating that the risk of HFMD increases with rising temperatures, with the highest risk observed at 25°C–27°C (16). Another study conducted in Sichuan Province using DLNM identified the interactive effects of meteorological factors and air pollutants on HFMD, highlighting that the combined presence of SO2 and high temperature and humidity exerted the strongest impact on HFMD (17). Laboratory and epidemiological research has also demonstrated the crucial role of humidity in the transmission of HFMD, with relative humidity accounting for over 84% of the impact on pediatric HFMD, and each 1% increase in relative humidity associated with a 0.34% increase in pediatric HFMD (18, 19). A study conducted in Vietnam demonstrated that an increase in average rainfall is associated with an increased risk of HFMD, an increase in 1 unit of rainfall was associated with a 0.5% increase of HFMD rate on the lag 1 and 6 days (20). A previous study indicated that diurnal temperature range altered the relationship between temperature and pediatric HFMD, with a higher diurnal temperature range associated with a greater risk of HFMD (21), another study found that climate indicators specific to certain cities, including temperature, sunshine duration, and atmospheric pressure, modified the relationship between relative humidity and HFMD, with an overall pooled humidity-HFMD relationship displaying an approximate U-shaped curve with substantial spatial heterogeneity (I2 = 77.8%), and a reference relative humidity of 70% associated with an RR value of 0.83 (22).

Since being classified as a Class C notifiable infectious disease in China in 2008 (23), HFMD has consistently ranked high in terms of reported cases and fatalities. The generalized additive model (GAM), a flexible and effective approach for parametric, non-parametric, and semi-parametric regression analysis, has been widely employed in time series studies and can be used to identify the relationships between meteorological factors and infectious diseases such as bacterial dysentery, mumps, and hemorrhagic fever with renal syndrome (24, 25).

In recent years, the incidence rate of HFMD in Yangzhou City has remained high, making it the leading notifiable infectious disease in the region (26). This study aims to describe the epidemiological trends of HFMD in Yangzhou City from 2017 to 2022. The GAM will be employed to explore the exposure-response relationship between meteorological factors and HFMD. Additionally, DLNM will be used to assess the exposure-lag-response effects of meteorological factors on HFMD.



Data and methods


Study area

Yangzhou, situated at the heart of Jiangsu Province, assumes a pivotal role in the advancement of the Yangtze River Economic Belt. Geographically, this city spans an expansive area of 6591.21 square kilometers and is demarcated into three districts, one county, and two county-level cities, as visually depicted in Figure 1. The climatic conditions in Yangzhou exhibit distinctive seasonal variations, characterized by copious precipitation, ample sunshine, and discernible shifts in wind patterns corresponding to the changing seasons. Notably, no reports have been documented regarding the influence of meteorological factors on HFMD and its predictive capabilities within the confines of Yangzhou. Consequently, it becomes imperative to comprehend the precise impact of meteorological factors on HFMD within the context of Yangzhou.
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FIGURE 1
 Geographical location of Yangzhou City, China. (A) China; (B) Jiangsu Province; (C) Yangzhou City.




HFMD and meteorological data

The daily reported data on HFMD cases in Yangzhou City from 2017 to 2022 were obtained from the National Infectious Disease Information Monitoring and Reporting Management System. HFMD is classified as a Class C notifiable infectious disease, and all cases diagnosed by qualified doctors in hospitals at all levels nationwide are required to be reported through this system within 24 h. According to the HFMD diagnostic guidelines issued by the Chinese Ministry of Health, all HFMD cases are diagnosed based on clinical symptoms and laboratory test results. The information for each reported HFMD case includes a case number, gender, age, population category, date of onset, and residential address. The meteorological data used in this study was obtained from the China Meteorological Data Sharing Service System.1



Statistical methods


Spearman correlation analysis

Spearman’s rank correlation analysis is a non-parametric statistical method used to assess the correlation between two variables. The formula for Spearman’s rank correlation coefficient, denoted as rs, is as follows:

[image: image]

where rs represents the Spearman’s rank correlation coefficient, n represents the sample size, and di represents the difference in ranks between the two sets of data. The coefficient ranges from −1 to 1, where −1 indicates a perfect negative correlation, 0 indicates no correlation, and 1 indicates a perfect positive correlation. In this study, Spearman’s analysis was employed to evaluate the correlation between meteorological factors and the incidence rate of HFMD, in order to determine which meteorological factors may have an impact on the disease incidence rate.



Generalized additive model

Given the non-linear relationship between HFMD and meteorological factors, as well as the monthly periodicity of HFMD incidence, we applied a generalized additive model (GAM) to estimate the impact of meteorological parameters on monthly HFMD cases (27). GAM is helpful in determining the exposure-response relationships of various types of data, particularly when exploring non-parametric relationships (28). The dependent variable in this study is the cases of HFMD in Yangzhou city, which is a small probability event relative to the whole Yangzhou city population, and can be approximated as its obeying Poisson distribution, so the LOG function is chosen as the link function. In addition, as the spline function has strong ability to apply data and function transformation, and has certain overall smoothness, it is an ideal tool for function approximation, so the function corresponding to each independent variable in this study is set as the spline function, and the model is as follows:

[image: image]

Yt is the number of HFMD cases in month t; E(Yt) is the expected value of HFMD cases in month t; α is the constant term of the model; s() denotes the spline function; tl is used to control for long-term trends; ts is used to control for seasonal trends Xi denotes the independent variable (contemporaneous meteorological factors); df denotes the degrees of freedom on the spline function of the independent variable, obtained from generalized cross-validation.



Distributed lag non-linear model

It is used to quantitatively assess the “exposure-lag-effect” relationships between variables. The DLNM model builds upon the framework of traditional models by utilizing cross-basis functions, allowing for the simultaneous modeling of non-linear and lagged effects in exposure-response relationships. It has been widely employed in studying the associations between environmental exposures and infectious diseases (29). The model is as follows:

[image: image]

In the model, t represents the observation date, Yt represents the number of HFMD cases on day t, α represents the intercept, cb represents the cross-basis functions used to assess the non-linear relationship and lagged effects between meteorological factors and HFMD cases, ns represents natural cubic spline functions, M represents the study variables (various meteorological factors), Xi refers to other factors except M in the model to control the confounding effect. Time represents seasonal and long-term trends, and DOW refers to the day of the week effect. Based on the incubation period of HFMD and existing research (30, 31), set maximum lag days lag to 14.





Results


Characterization of research data

From January 1, 2017, to December 31, 2022, a total of 23,652 cases of HFMD were reported in Yangzhou City. Among these cases, there were 13,858 male and 9,794 female patients. The annual reported cases were 5,935, 9,431, 4,437, 884, 1,765, and 1,200, exhibiting a pattern of “high-low” years. During the same period, the daily average temperature, atmospheric pressure, relative humidity, precipitation, and sunshine duration in Yangzhou City were 16.81°C (range: −6.5°C to −35.7°C), 1014.94 KPa (range: 999–1041.1 hPa), 74.19% (range: 28–100%), 2.83 mm (range: 0.1–156.2 mm), and 4.7 h (range: 0–12.6 h), respectively. Table 1 and Figure 2 summarize the basic information of HFMD cases and meteorological data. Figure 3 depicts the monthly distribution of HFMD cases in Yangzhou City.



TABLE 1 Descriptive study of HFMD and meteorological factors in Yangzhou City, 2017–2022.
[image: Table1]
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FIGURE 2
 Time series of meteorological factors and number of HFMD cases in Yangzhou City, 2017–2022.


[image: Figure 3]

FIGURE 3
 Number of cases of hand, foot and mouth disease in Yangzhou City, 2017–2022.




Analysis of the correlation between hand-foot-mouth disease and meteorological factors in Yangzhou

The Spearman correlation analysis matrix is presented in Table 2. In this study, temperature, relative humidity, precipitation, and sunshine duration showed positive correlations with the number of HFMD cases, while atmospheric pressure exhibited a negative correlation. Among these variables, temperature, atmospheric pressure, and precipitation were significantly correlated with HFMD cases (p < 0.05), while relative humidity and sunshine duration showed no statistically significant association (p > 0.05). Temperature had the highest correlation coefficient with HFMD cases (r = 0.37), followed by atmospheric pressure (r = −0.36).



TABLE 2 Correlation analysis of meteorological factors, hand, foot and mouth disease cases in Yangzhou City.
[image: Table2]



Exposure-response relationship between meteorological factors and hand, foot and mouth disease

The results of the generalized additive model are shown in Figure 4. It can be observed that temperature exhibits a “inverted U-shaped” relationship with the incidence rate of HFMD. As temperature increases, the risk of HFMD initially rises, reaching its peak around 17°C, and then decreases. Atmospheric pressure shows a “U-shaped” relationship with the incidence rate of HFMD. With increasing atmospheric pressure, the risk of HFMD initially decreases, reaching its lowest point around 1,016 KPa, and then increases again. Relative humidity and sunshine duration have similar response on the risk of HFMD, showing a predominantly linear relationship. As relative humidity and sunshine duration increase, the risk of HFMD also increases. On the other hand, the risk of HFMD decreases with increasing precipitation, which is contrary to the effects of relative humidity and sunshine duration.

[image: Figure 4]

FIGURE 4
 Exposure-response curve of meteorological factors and hand, foot and mouth disease.




Distributed lag nonlinear model

We presented the exposure-lag-effect relationships between various meteorological factors and HFMD using a three-dimensional plot. Additionally, we depicted the cumulative effects at the maximum lag of 14 days (Figure 5).
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FIGURE 5
 3D plots and cumulative lag effect plots of the impacts of meteorological factors on the risk of HFMD.


The impact of temperature on HFMD at the maximum lag of 0 days showed that the highest relative risk (RR) value was observed at a temperature of −6°C (RR = 2.07, 95% CI: 1.74–2.47). Using the median temperature as the reference, the cumulative effect of temperature on HFMD approximately followed an inverted U-shaped curve. The maximum cumulative effect was observed at around 25°C (RR = 1.12, 95% CI: 1.05–1.23).

The impact of sunshine duration on HFMD at the maximum lag of 14 days was observed to be highest at 12.4 h (RR = 2.10, 95% CI: 1.17–3.77). Using the median sunshine duration as the reference, the cumulative effect of sunshine duration on HFMD gradually increased. The maximum cumulative effect was observed at 12.6 h of sunshine duration (RR = 2.08, 95% CI: 1.20–3.60).

The impact of relative humidity on HFMD at the maximum lag of 14 days was found to be highest at 28% (RR = 1.21, 95% CI: 1.01–1.64). Using the median relative humidity as the reference, the cumulative effect of relative humidity on HFMD exhibited an inverted U-shaped pattern. As relative humidity increased, the RR value initially increased and then decreased. The peak cumulative effect was observed at a relative humidity of 70% (RR = 2.01, 95% CI: 1.57–2.59).

The impact of atmospheric pressure on HFMD at the maximum lag of 0 days was found to be highest at 989 hPa (RR = 1.45, 95% CI: 1.25–1.69). Using the median atmospheric pressure as the reference, the cumulative effect of atmospheric pressure on HFMD gradually decreased. The maximum cumulative effect was observed at an atmospheric pressure of 990 hPa (RR = 3.79, 95% CI: 2.54–5.66).

The impact of precipitation on HFMD at the maximum lag of 14 days was found to be highest at 151 mm (RR = 1.90, 95% CI: 1.30–3.88). Using the median precipitation as the reference, the cumulative effect of precipitation on HFMD increased initially and then leveled off as precipitation … increased. The maximum cumulative effect was observed at a precipitation of 156 mm (RR = 1.45, 95% CI: 1.19–2.53).




Discussion

Since its first reported case in New Zealand in 1957, HFMD has rapidly spread to most countries and regions worldwide. In China, HFMD has become a significant public health issue since 2008. The Chinese government has implemented a series of measures to address this problem, including strengthening surveillance and reporting systems, enhancing vaccine research and promotion, and improving public education and health campaigns. Despite some achievements, HFMD remains an important challenge in China, requiring continuous attention and efforts to combat it (32). The impact of meteorological factors on human health has received extensive attention and is closely associated with the occurrence and transmission of various infectious diseases (27, 33, 34). The aim of this study is to investigate the relationship between HFMD cases and meteorological factors, examining the impact of meteorological factors on HFMD from two temporal dimensions: monthly data and daily data.

We conducted an observational analysis of HFMD cases and meteorological data in Yangzhou City from 2017 to 2022. The study revealed that HFMD in Yangzhou City exhibits clear seasonality and periodicity, with a bimodal distribution: the onset of cases begins in May, with the first peak occurring in June and a smaller peak in August. Overall, HFMD has a higher incidence during the summer and autumn seasons, while it decreases during the winter and spring seasons. In terms of epidemic years, HFMD showed a high incidence from 2017 to 2019, followed by a decline likely influenced by the COVID-19 pandemic. These findings are consistent with studies conducted in other Provinces of China (35, 36).

The impact of meteorological factors on HFMD is believed to be influenced by the intricate interplay among the pathogen, environmental factors, and the host population (22). Our research findings have revealed a non-linear relationship, characterized by an “inverted U-shaped” curve, between the average temperature and the incidence of HFMD. This implies that the risk of HFMD tends to be lower at extremely low and high temperatures, while it is higher within the temperature range that is more conducive to disease transmission. The DLNM also revealed that the cumulative effect is highest at 25°C during the 14 days lag period. It is important to note that our research outcomes may diverge from studies conducted in other regions of China, where the relationship between average temperature and HFMD may exhibit an “M-shaped” pattern (37, 38). Moreover, we have also observed a positive correlation between relative humidity and the occurrence of HFMD. On one hand, in conditions of high relative humidity, the pathogens associated with HFMD may thrive, endure for longer durations, and exhibit heightened infectivity. On the other hand, elevated relative humidity can impede sweating and disrupt the metabolic processes in children. This finding aligns with research conducted in other regions of China.

Our study has also unveiled a U-shaped correlation between average atmospheric pressure and HFMD, albeit without the ability to definitively establish a causal relationship between the two. In terms of sunshine duration, our results show that there is a positive relationship between hand-foot-mouth disease and sunshine duration. As the duration of sunshine increases, the risk of HFMD escalates accordingly. It is worth noting that this conclusion contradicts the findings of other studies (39). Conversely, as precipitation levels rise, the risk of HFMD diminishes. This finding aligns with research conducted in other regions of China (40, 41). The reduced risk of HFMD with increased precipitation can plausibly be attributed to the unfavorable conditions for the survival of enteroviruses in high rainfall. Moreover, during periods of heavy precipitation, children may exhibit reduced inclination towards outdoor activities, thereby minimizing their exposure to the virus. Consequently, it is imperative to remain vigilant during periods characterized by high levels of sunshine duration and precipitation. The varying impact of meteorological factors on HFMD across different regions can be attributed to factors such as climate variations, disparities in viral strains, and divergent population behaviors among these regions (42).

This is the first study to explore the impact of meteorological conditions in Yangzhou City on the association with HFMD, expanding our understanding of the influence of meteorological factors on the risk of HFMD. Our research findings have practical implications in two aspects. Firstly, in the formulation of public health policies, our study results indicate that meteorological conditions affect the incidence rate of HFMD in Yangzhou City. For example, high rainfall and prolonged sunshine hours are associated with an increased incidence rate of HFMD, suggesting the need for different policies during the rainy season and dry season. Secondly, in the development of individual-level intervention measures, our research can serve as a reference. Children should develop healthy hygiene habits, such as washing hands before meals and after using the restroom. During HFMD outbreaks, parents or guardians should pay attention to reducing children’s outdoor activities. Additionally, it is necessary to check weather forecasts and air quality before going out.

However, this study has certain limitations. Firstly, time series analysis is an ecological study and may be susceptible to ecological fallacy. This study only focuses on the overall population and does not stratify by gender or pathogen. Secondly, the epidemic process of HFMD is influenced by both natural and social factors (43). Despite the paramount importance of meteorological factors in the transmission dynamics of HFMD, it is imperative to acknowledge that social behavior, economic factors, population mobility, and air quality may also exert significant influences on the occurrence and dissemination of the disease. Regrettably, our study did not encompass an examination of these multifaceted factors, thereby limiting the comprehensive understanding of the complex interplay between various determinants and the epidemiology of HFMD.



Conclusion

Meteorological factors such as average temperature, average atmospheric pressure, relative humidity, precipitation, and sunshine duration have a significant impact on the risk of HFMD in Yangzhou City. The relationship between average temperature and HFMD risk follows an inverted U-shaped pattern, while the relationship between average atmospheric pressure and HFMD risk exhibits a U-shaped pattern. The risk of HFMD continuously increases with increasing relative humidity and sunshine duration, while it gradually decreases with increasing precipitation, showing a negative correlation. Our study fills a research gap regarding the impact of meteorological factors on HFMD in Yangzhou City. These findings can provide scientific evidence for relevant authorities to implement preventive measures and offer practical recommendations for establishing an early warning and prevention system for infectious diseases.
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Background: The prevalence of allergic diseases has increased globally, climate and environment also have important effects on respiratory or allergic diseases. However, population-based studies investigating the impact of tropical climates and environments on migratory-bird old people (MBOP) are lacking.

Methods/Design: For this prospective cohort study, we recruited 756 participants from the community in Sanya City, Hainan Province, China. In addition to the completed baseline survey, a follow-up survey will be conducted during the periods of October–December and March–April for the next 3 years of MBEPs from northern China who spend the winter in Sanya. We will continue to record the height, weight, and blood pressure of all participants, as well as lung function for those with asthma and chronic obstructive pulmonary disease (COPD). Venous blood at baseline and urine samples will be collected during follow-up.

Results: A total of 756 volunteers were recruited. Their average age is 66.1 years; 32.1% of them have high-school educations, while 37.3% have graduated from college or done undergraduate studies. The top five diseases in this cohort are allergic rhinitis (57.9%); eczema, urticaria, or dermatitis (35.6%); bronchitis and bronchiectasis (35.6%); asthma (14.7%); and emphysema (11.7%). Compared with their symptoms while at their summer places of residence, rates of remission reported by participants while living in Sanya were 80.4% for allergic rhinitis, 82.3% for bronchitis and emphysema, 85.2% for asthma, 96.0% for COPD (P < 0.001).

Conclusions: The baseline survey has been completed. The preliminary findings support that a tropical climate may relieve the symptoms of allergic diseases in migratory-bird old people.

KEYWORDS
tropical climate, environmental factors, migratory people, asthma, allergic diseases


Introduction

The prevalence of allergic diseases has increased globally in recent decades (1, 2). According to the World Health Organization's (WHO) 2019 report, approximately 262 million people worldwide suffered from asthma at the time, resulting in 455,000 deaths. Allergic diseases, including allergic rhinitis and eczema, together constitute a major global public-health burden (3). China is also facing this issue: according to epidemiological surveys, the prevalence of allergic diseases (4, 5) such as asthma (6, 7), allergic rhinitis (8), and eczema are increasing in China. Influencing factors include climate change (9), air pollution (10), environmental temperature (11), meteorological factors (12), and allergens (13).

Current studies on allergic diseases mainly focus on the effects of climate and environmental factors. There are reports on the treatment and relief of asthma in alpine environments (14, 15). However, population-based research is lacking on the effect of tropical climate and environment on migratory-bird old people (MBOP). Sanya, China has a unique tropical climate, with a minimum temperature of >15°C in winter; by contrast, the minimum winter temperature in northern China is below −40°C (16). Therefore, many MBEPs relocate from northern China to Sanya for the winter. It is reported that more than 1 million people spend the winter in Sanya every year (17).

In addition to drug treatment, climate, and environment also have important effects on respiratory or allergic diseases. In Europe, cave therapy is widely used to treat chronic airway diseases. Some studies have shown that exercise in winter combined with cave therapy can improve the quality of life (QoL) and allergic symptoms of adults with allergic rhinitis and/or asthma (18, 19). A systematic review showed that high-altitude climate therapy improved the lung function of adult asthma patients (15, 20). However, there is no relevant evidence that symptoms and climate-related factors of allergic diseases improve in MBEPs who move from high latitudes to low ones. The establishment of this cohort will help us better study the effect of Sanya's tropical climate on respiratory or allergic diseases, clarify risk factors related to these diseases, and determine whether such a climate effectively mitigates these diseases in MBEPs.



Cohort description


Study design, setting, and participants

This is a prospective cohort study whose subjects were recruited from the community in Sanya City, Hainan, the southernmost province in China from 2022 to 2025. We will conduct a follow-up survey focused on allergic diseases in MBEPs from northern China who move to Sanya for the winter (Figure 1). Northern China includes three northeastern provinces (Heilongjiang, Jilin, and Liaoning), five northern provinces (Beijing, Tianjin, Hebei, Shanxi, and the Inner Mongolia Autonomous Region), and five northwestern provinces (Xinjiang Uygur Autonomous Region; Ningxia Hui Autonomous Region; and Qinghai, Gansu, and Shaanxi Provinces). The subjects of this study are MBEPs who travel from northern China to Sanya in autumn, stay for the winter, and return to northern China in spring. The sample size was estimated by forced expiratory volume in 1 s (FEV1) (15), which was 92.8% ± 23.1 and 86.5 ± 26.2 for the trial and control groups, respectively. A type I error α = 0.05, β = 0.10, and loss of follow-up rate of 20% for 3 years, requiring 775 participants.


[image: Figure 1]
FIGURE 1
 Geographical location of the Sanya migratory cohort. The shaded regions represent participants' original places of residence, red indicates the northwest China, blue represents the north China, and green signifies the northeast China.


For easier follow-up, we recruited participants from communities of mainly MBEPs, who own apartments in Sanya and spend the winter there for many years. Inclusion criteria were as follows: (a) age 50–80 years; (b) suffering from allergic rhinitis, asthma, eczema, urticaria, or chronic obstructive pulmonary disease (COPD); (c) previous or winter residence in northern China; (d) willingness to participate in the study and be followed up on at the designated location for the subsequent 3 years; and (e) no difficulty in communication. Exclusion criteria were (a) other respiratory diseases and (b) communication barriers or unwillingness to cooperate with the requirements of the study.

Diagnosis of allergic rhinitis, asthma, eczema, urticaria, or COPD was based on self-reported disease history in face-to-face interviews at recruitment. Allergic rhinitis was defined as an affirmative response to the question “Do you have any nasal allergies, including hay fever?” according to the Allergic Rhinitis and Its Impact on Asthma guidelines (8). Asthma was defined as a self-reported history of asthma, diagnosis by a physician, or wheezing during the preceding 12 months (6). Eczema or urticaria was defined as self-reported history and/or diagnosis by a physician (21, 22). Atopic dermatitis was diagnosed by an affirmative response to the question “Have you had an itchy rash at any time in the past 12 months?” (8). COPD was defined as post-bronchodilator FEV1/forced vital capacity (FVC) < 0.7 according to the 2017 Global Initiative for Chronic Obstructive Lung Disease guidelines (23). Chronic bronchitis was defined as self-reported phlegm production for at least 3 months each year over 3 successive years (24).




Data collection


Demography and outcomes

A paper questionnaire was used to collect a range of basic information in march 2022. After obtaining informed consent, trained investigators collected relevant information in face-to-face interviews. The questionnaire covered demographic data, socioeconomic status, clinical disease characteristics, living habits, and past medical history (Table 1). Participants with asthma and COPD were evaluated using the Asthma Quality of Life Questionnaire (AQLQ) (25) and Saint George Respiratory Questionnaire (SGRQ) (26), respectively; SGRQ assesses the quality of life of participants with COPD. The primary outcome was the effect of Sanya's tropical climate on MBEPs with allergic or respiratory diseases, including symptoms evaluated by questionnaires, for example, frequency of mitigations and exacerbations. Potential confounding factors included the psychological effects of living in this famous tourist city.


TABLE 1 Data collected from participants in the Sanya migratory cohort.
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Physical examination

We used a unified measuring tool for physical examination. After calibration, we measured the height, weight, and blood pressure of all participants, and in those with asthma and COPD, we also measured lung function. Participants were asked to take off their shoes and coats before their heights and weights were measured.



Collection and measurement of biological samples

Nurses from local hospitals traveled to the community, collected 5–10 mL of patients' venous blood, and then transferred the samples to the laboratory at Sanya Women and Children's Hospital (SWCH) for centrifugation and subpackaging. Whole blood was used for routine blood tests; serum was used to test for liver and kidney function, blood sugar, blood lipids, and allergen. Some samples were stored in a freezer at −80°C. Table 2 lists the types of samples and main tests using these samples.


TABLE 2 Collection of biological samples from participants in the Sanya migratory cohort.
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Quality control

All investigators received unified training. Two investigators independently input the results of all questionnaires into database using EpiData 3.0 software (EpiData, Copenhagen, Demark). A Portion of the data underwent double entry, and in cases where inconsistencies arose, a third researcher reviewed and resolved them to guarantee data accuracy.

We adopted various policies to retain participants in the cohort. Health consultation was and will be provided during recruitment and follow-up, and free health examinations were and will be provided during baseline and follow-up. We are following up on participants in the spring (March–April) and autumn (October–December) every year for the next 3 years and providing them with timely reminders to take advantage of the free health examinations.



Statistical analysis

Baseline characteristics of participants who stayed in or withdrew from the cohort, and loss of follow-up, were described. All missing data were noted. We analyzed classification data using a χ2 test and continuous data using Student's t test. All analyses were conducted using SPSS version 25.0 (IBM Corp., Armonk, NY, USA). P < 0.05 was considered to indicate a statistically significant difference.



Ethical approval

The research protocol and informed-consent form of this study were reviewed and approved by the Ethics Committee of Sanya Women and Children's Hospital (Approval No. SYFYIRB2022009). All participants signed their informed consent before participating.




Findings to date


Baseline characteristics

The baseline survey was completed in March 2022 among the 756 volunteers who were recruited from the community (Table 3). After performing quality control, we excluded missing and unqualified participants, ultimately including a total of 693 in the cohort. These included 231 men (33.3%) and 462 women (66.7%), with an average age of 66.1 years. In terms of educational level, 26.7% have not completed junior high school, 32.1% have completed senior high school, and 37.3% are college graduates or undergraduates. Compared with their symptoms in their original places of residence, the initial rates of remission reported by the participants in Sanya were 80.4% for allergic rhinitis, 82.3% for bronchitis and emphysema, 85.2% for asthma, 96.0% for COPD (P < 0.001). The top five diseases in this cohort are allergic rhinitis (57.9%); eczema, urticaria, or dermatitis (35.6%); bronchitis and bronchiectasis (35.6%); asthma (14.7%); and emphysema (11.7%). The top five original regions of residence are Heilongjiang Province (40.9%), Liaoning Province (12.0%), Jilin Province (10.4%), Hebei Province (7.4%), and Beijing (6.9%). The first follow-up, of 682 participants, was conducted by telephone from October to December 2022. The loss of follow-up does not make sure since COVID-19.


TABLE 3 Baseline characteristics of the Sanya migratory cohort.
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Biological-sample collection

During the baseline survey, we collected venous blood for detection of allergen, routine blood, liver function, blood lipids and sugar, which is close linked to the allergic and immune diseases during March 2022; the collection rate was 100%. We have continued to collect venous blood and urine samples from all 693 participants for detection during the ongoing follow-up (Table 4).


TABLE 4 Data collected from participants in the Sanya migratory cohort.
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Strengths and limitations

Sanya is located in the southernmost region of China, which is tropical and has a warm winter. Many MBEPs migrate from northern China to Sanya for the winter. This provides a unique opportunity to observe the effect of tropical climate and environment on allergic diseases and helps follow up with the general population. To the best of our knowledge, this is the world's first study on the effects of tropical climate and environmental factors on respiratory and allergic diseases in MBEPs. The biological samples collected will provide objective evidence of such effects. In the future, we will further explore the relationship between the climatic environment and allergic diseases in children.

However, this study has several limitations. The main disadvantage is that the volunteers recruited are migratory-bird middle-aged or old people, who have relatively high educational levels and socioeconomic status and are therefore not representative of the general population. This limits the generalization of our findings. In addition, MBEPs return to their original residences in spring, and the effect on participants living in northern regions during the spring and summer will be difficult to assess. Notably, such potential confounding variables were not adjusted for statistical adjustments, such as the psychological impact of living in a famous tourist city. If possible, we will perform further research into this aspect in the future.




Collaboration

This is an ongoing prospective cohort study. Preliminary findings demonstrate the beneficial impact of tropical climate on allergic diseases in migratory-bird old people.
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Background: With the intensification of global climate warming, extreme low temperature events such as cold spells have become an increasingly significant threat to public health. Few studies have examined the relationship between cold spells and mortality in multiple Chinese provinces.

Methods: We employed health impact functions for temperature and mortality to quantify the health risks of the first winter cold spell in China on November 26th, 2022, and analyzed the reasons for the stronger development of the cold spell in terms of the circulation field.

Results: This cold spell was a result of the continuous reinforcement of the blocking high-pressure system in the Ural Mountains, leading to the deepening of the cold vortex in front of it. Temperature changes associated with the movement of cold fronts produced additional mortality risks and mortality burdens. In general, the average excess risk (ER) of death during the cold spell in China was 2.75%, with a total cumulative excess of 369,056 deaths. The health risks associated with temperatures were unevenly distributed spatially in China, with the ER values ranging from a minimum of 0.14% to a maximum of 5.72%, and temperature drops disproportionately affect southern regions of China more than northern regions. The cumulative excess deaths exibited the highest in eastern and central China, with 87,655 and 80,230 respectively, and the lowest in northwest China with 27,474 deaths. Among the provinces, excess deaths pronounced the highest in Shandong with 29,492 and the lowest in Tibet with only 196.

Conclusion: The study can provide some insight into the mortality burden of cold spells in China, while emphasising the importance of understanding the complex relationship between extreme low temperature events and human health. The outcomes could provide valuable revelations for informing pertinent public health policies.

KEYWORDS
 cold spell, temperature change, mortality, excess death, health risks


1 Introduction

In the context of global warming, the frequency and intensity of extreme weather events such as cold spells and heat waves are increasing (1–3). The association between climate and public health has become a pressing issue that will likely result in more health crises in the future (4). According to the Sixth Assessment Report of IPCC (5), climate change may exacerbate the occurrence of extreme weather events, which leads to the increase in the incidence and mortality of climate sensitivity diseases in many places in the world, especially in extremely low temperature weather condition (6, 7). The occurrence of climatic events will cause relevant sensitive diseases to be more affected. Due to the aging of the population, the proportion of vulnerable groups in society is also increasing, which further the health risks of extreme weather are exacerbated (8). It’s imperative to investigate the connection between climatic and environmental factors and human health.

Temperature is a crucial factor that influences human health (9, 10). Extensive studies have consistently demonstrated a non-linear relationship between temperature and health outcomes, with exposure-response curves for morbidity or mortality in populations typically having a “U,” “V” or “J” shape (9, 11–13). A study encompassing 15 European cities revealed that a 1°C drop in temperature resulted in an increase of 1.35, 1.72, 3.30, and 1.25% in daily natural deaths, cardiovascular diseases, respiratory diseases, and cerebrovascular diseases, respectively (14). Intriguingly, low temperature contributes to a greater proportion of cardiovascular disease-related deaths compared to heat-related conditions. An extensive study from 15 major cities in China from 2007 to 2013 elucidated that 15.8% of cardiovascular mortality was attributable to low temperatures, whereas a mere 1.3% could be attributed to high temperatures (15).

The cold spell is a typical extreme low temperature event. In recent years, extreme cold weather events have been creeping up in many regions of the world and are becoming increasingly fierce. For instance, during the strong cold spell in February 2021, North America experienced record-breaking low temperatures that resulted in 100 deaths and left 5.5 million households suffering from power outages (16). Similarly, in December 2022, an “epic cold spell” swept through the United States, causing over 60 deaths (17). In different studies, the definition of cold spells is inconsistent, leading to differences in analysis results. Wang et al. (18) defined the period when the temperature was lower than the 5th percentile and lasted more than 2 days as a cold spell. The study found that the overall cumulative excess risk (CER) of non-accidental deaths during cold weather in China from 2006 to 2011 was 28.2% (95% CI: 21.4, 35.3%), and the impact was more severe in southern China compared to the northern region. Sun et al. (19) use the definition of a cold spell with temperature below the 5th percentile and lasting more than 7 days. Compared to non-cold spell days, the risk of non-accidental mortality, circulatory mortality, and respiratory mortality increased by 17.4% (95% CI: 15.8, 19.0%), 20.8% (95% CI: 18.8, 23.0%), and 22.7% (95% CI: 19.5, 25.9%) respectively on cold spell days.

To gain a deeper insight into the health risks associated with cold spells, in the current study, we focused on the initial cold spell event of winter in China that occurred on November 26th, 2022. This particular cold spell was characterized by rapid spread, wide-reaching impacts, complex precipitation and snow phases, and significant temperature drops across over 30 provinces. This can be considered as a typical outbreak of cold spell weather process. A correlation between the temperature reduction of the cold spell and mortality was established, and then it could provide a quantitative estimation of the health risks associated with this specific cold wave event. The findings will enhance our comprehension of the connection between extreme cold events and mortality rates in various regions, as well as aid in the development of effective adaptation strategies to mitigate the adverse effects of future extreme cold events.



2 Data and methods


2.1 China meteorological data set

Daily meteorological station data were collected from China Meteorological Data Service Centre,1 including average temperature, atmospheric pressure, sea level pressure, relative humidity, precipitation, wind direction, and wind speed before and after the onset of the cold spell. These data are sourced from national-level surface meteorological stations managed and subject to quality control by the China Meteorological Administration. The data are primarily collected from the major cities in the country, making it representative and reliable.

The reanalysis data were obtained from ERA5, the fifth generation of ECMWF atmospheric reanalysis global climate data with high temporal and spatial resolution. It provides hourly estimates of atmospheric, terrestrial, and oceanic climate variables, including 137 layers of atmospheric data. The selected time period ranges from 26 November to 5 December 2022 and consists of 2 m temperature, 500 hPa geopotential height, temperature, and sea level pressure variables. The data have a horizontal resolution of 0.25° × 0.25° and a temporal resolution of 1 h.



2.2 Population and baseline mortality data

Highly accurate population data in 2019, precise to 1 × 1 km2, were provided by the Resource and Environment Science and Data Center.2 These data are based on multiple population-relevant characteristics, including land-use type, night light brightness, and settlement density, ensuring accurate representation of the spatial distribution of China’s population. The population distribution of China in 2022 is calculated using the annual population growth rate of China’s population since 2019 (Supplementary Table S1).

The baseline mortality data for each province were gathered from the National Bureau of Statistics,3 including various indicators such as the national economy, population, education, and health. The data is reliable, complete and accurate, and it can reflect diverse social and economic activities across the country and. However, the mortality rate data used in the study is only counted to 2021, as the latest data for 2022 has not yet been updated by the country.



2.3 Definition of a cold spell

A cold spell was defined as below by the Central Meteorological Observatory: when the temperature drops were more than 8°C within 24 h or 10°C in 48 h or 12°C in 72 h and the minimum temperature is below 4°C.4



2.4 Calculation of excess deaths

Firstly, the relative risk (RR) of the temperature reduction of cold spell is calculated using the following equation:

[image: image](1).Where [image: image] is the exposure response relationship coefficient, which represents the additional mortality risk per 1°C decrease in temperature. The [image: image] value reference is chosen as 0.21% (20), and [image: image] is the difference between the maximum and minimum of the daily mean temperature at grid [image: image] during the cold spell.
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[image: image]is the excess risk ([image: image]) of mortality related to temperature at grid[image: image], it reflects the variation in the [image: image] of mortality associated with every 1°C change in temperature.

We evaluated the mortality burden attributed to this cold spell in China using the following formula (21):

[image: image]

Where [image: image] indicates the excess mortality rate related to temperature, [image: image]is the baseline mortality rate, and [image: image] is the total population exposed to low temperature.

As the spatial resolution of the population data differs from that of the 2 m temperature, we used geographic information system ([image: image]) technology to resample the population data raster to 0.25° using bilinear interpolation. The mortality attributed to low temperature exposure in each grid in China was subsequently estimated by utilizing the combined exposure-response coefficient. After calculating the mortality in each grid separately, subdivisional statistics in each province by using the spatial analyst tool in ArcMap (version 10.8). We have also divided China into seven geographical regions based on variations in climate and population, encompassing Northeast China, including Heilongjiang, Liaoning, and Jilin; North China, consisting of Beijing, Tianjin, Hebei, Shanxi, and Inner Mongolia; Northwest China, comprising Shaanxi, Gansu, Ningxia, Xinjiang, and Qinghai; East China, encompassing Jiangsu, Zhejiang, Anhui, Shandong, and Shanghai; Central China, consisting of Henan, Hubei, Hunan, and Jiangxi; Southwest China, encompassing Sichuan, Tibet, Guizhou, Yunnan, and Chongqing; and South China, comprising Fujian, Guangdong, Guangxi, Hainan, and Taiwan. Additionally, to verify the rationality of the ERA5 reanalysis data, we employed two commonly used indexes to evaluate and compare it with observation station data. The results can be found in Supplementary Figure S1 in the Appendix.




3 Results


3.1 Cold spell process

As illustrated in the Figure 1, the cold spell from November 26th to December 5th, 2022 had caused a significant cooling effect across most parts of China, with the maximum temperature drop between 8°C and 16°C, which was particularly pronounced in Xinjiang, Gansu, Inner Mongolia, Shanxi, Guizhou, Hunan, Jiangxi, and other provinces where temperature drops exceeded 20°C. The temperature showed the decreasing trend evidently in the northwestern, eastern as well as in southern China, where the big cities with dense population are also greatly affected and expected to pose greater health risks. The temperature drop exceeded 16°C over a national area of 2.15 million square kilometres (about 22% of the country). According to the statistics from the China Meteorological Administration, certain regions in northwest, northern, eastern China, western and southern Jiangnan, as well as north-central China experienced the earliest temperature drops in recorded history, reaching a level of extremity. In addition, we summarized the descriptive statistics for the major cities in the 14 provinces with the highest range of temperature dropping process (see Table 1). It is evident that despite the notable differences in average temperatures between the north and south, all of these regions have experienced temperature drop exceeding 15°C, as well as significant increases in sea level pressure before and after the cold spell. The Chinese meteorological authorities have assessed the overall intensity of the cold spell that swept through most of China to be the fifth strongest one on record for the same period in November.

[image: Figure 1]

FIGURE 1
 The temperature drops from November 26th to December 5th, 2022.




TABLE 1 Statistics of meteorological elements in major cities affected by the cold spell.
[image: Table1]



3.2 Analysis of the causes of the cold spell

As indicated in Figure 2, at 12:00 on 25 November, a circulation pattern manifested in the 500 hPa height field, revealing the presence of two ridges and a trough. This configuration established an inverted Ω-flow pattern over East Asia. Concurrently, a deep closed cold low-pressure system developed in the northwestern vicinity of Lake Baikal. Additionally, an extensive east–west oriented cross trough was observed in the northwestern region. The persistent transport of cold advection preceding the ridge positioned behind the trough fostered the accumulation of cold air within the cross trough. The intensified development of the blocking high located on the eastern side of the Ural Mountains, combined with the surface sea level pressure field can be seen behind a high altitude trough with negative vorticity advection behind the trough, which promoted the development of cold high pressure at the surface. By 00:00 on the 27th, the cross trough has moved to northern Xinjiang, China. Subsequently, the cold front advances towards the northern territories of Inner Mongolia and eastern Xinjiang. The cold front undergoes further intensification and propagates southeastward, thereby exerting its influence over a significant portion of northern regions within China. At 12:00 on the 28th, a notable transformation occurred as the previously established inverted Ω-flow pattern ceased to persist. This alteration was accompanied by the emergence of an outburst of cold air and a vertical reorientation of the horizontal trough. Therefore, a discernible meridional circulation pattern manifested in the wake of the trough. These atmospheric adjustments created favorable circumstances for its continued southward displacement. As the high-altitude fronts persistently advance towards the south, the cold front has extended its influence to encompass the central region of China by 00:00 on the 29th, then it reached further into southern regions of China, with particular emphasis on areas encompassing Hunan and Jiangxi provinces.

[image: Figure 2]

FIGURE 2
 Geopotential height at 500 hPa (black solid line, unit: dagpm) and temperature field (red dashed line, unit: °C) and sea level pressure field (shaded, unit: dagpm; A–I) from 12:00 on 25 November to 00:00 on 30 November 2022.




3.3 Assessment of mortality risk in the cold spell

Figure 3A presents the spatial distribution of the excess risks (ERs) for the cold spell process. The spatial distribution of ER reveals a notable discrepancy in different regions. It pronounced high ERs in the northern and southern regions, and relatively lower ERs in the central areas. Specifically, regions exhibiting higher ERs include northwestern regions of China such as northern Xinjiang, central and western Inner Mongolia, northeastern Gansu, Ningxia, Shaanxi, northern Shanxi, as well as some southern regions such as eastern Guizhou, Hunan, southern Jiangxi, and northern Guangxi. Additionally, it is noteworthy that these identified areas are concurrently characterized by significant cooling. In Figure 3B, the ERs of provincial capital cities exhibit a distinct correlation with the low temperatures. This correspondence underscores the relationship between the severity of temperature decrease and the associated health risks. Among these cities, the highest ER is recorded in Urumqi (0.0435), followed closely by Guiyang (0.0424). Among the cities counted, only three recorded temperatures below 10°C, while the southern cities experienced significant temperature declines, accompanied by high ERs. More than 90% of southern cities had ERs greater than the average value of whole country. Combined with Figures 2, 3, it can also be observed that the temperature drops aligns with the movement of cold fronts. On November 26th, a ground cold front hit northern Xinjiang. The next day, it reached the southern part of Xinjiang and moved southeast, reaching central and western Inner Mongolia, Gansu, east-central, and northern Qinghai. On November 28th, the cold front had arrived in northern China, extending to northeast regions and Huanghuai. By November 29th, it had reached Sichuan and Chongqing on the west, and extended ulteriorly its reach the coast of South China on the 30th.

[image: Figure 3]

FIGURE 3
 Distribution of excess risks (A) and the temperature drops and ERs in provincial capital cities in China (B).


Figure 4 demonstrates the spatial distribution of cumulative excess deaths by province of China. The highest number of cumulative excess deaths was identified in Shandong with 29,492 cases, exemplifying the severity of the impact seen in this particular region. Conversely, Tibet exhibited the lowest number of cumulative excess deaths, with a recorded count of 196. The cumulative excess deaths exceeding 20,000 predominantly cluster within the central-eastern regions of China. Shandong Province emerges as the most heavily impacted province, followed by Hunan, Henan, Anhui, Sichuan, Hebei, and Jiangsu provinces. The provinces showcasing cumulative excess deaths ranging from 10,000 to 20,000 are situated predominantly in the southern and northeastern parts of the country, namely Hubei, Guangdong, Jiangxi, Guizhou, Heilongjiang, and Liaoning. In contrast, Tibet and Qinghai provinces in Tibetan Plateau have reported a comparatively lower cumulative number of excess deaths, below 1,000. Northern provinces of China, for the most part, registered cumulative excess deaths in the range of 5,000 to 10,000. Thus, regional disparities in excess mortality become evident when considering the distribution of cumulative excess deaths across various provinces in China. Despite having relatively smaller populations, the regions of Xinjiang and Inner Mongolia in China exhibit a higher risk of excess deaths and cumulative excess deaths. This can be attributed to the pronounced cooling effect prevalent in these areas.

[image: Figure 4]

FIGURE 4
 Excess deaths in China.


Table 2 provided an overview of the average ERs for each individual province and whole country. The average ER for China was found to be 2.75%, indicating that for every 1°C drop in average daily temperature, the number of deaths is expected to increase by 2.75%. The excess risks of provinces unveiled both the highest and lowest values, recorded as 5.72 and 0.14%, respectively. Furthermore, a substantial 81.25% of provinces exhibit ERs surpassing the average value for whole country. Among the provinces, the top five provinces displaying the highest excess mortality risks are identified as Hunan (4.18%), Guangxi (4.17%), Guizhou (4.09%), Jiangxi (4.06%), and Ningxia (3.89%). These findings align with numerous prior studies indicating a greater influence of cold spells on southern regions of China compared to the northern areas.



TABLE 2 Average excess risks and excess deaths per kilometre in different provinces of China.
[image: Table2]

Figure 5 showed the cumulative excess number of deaths recorded across the seven distinct geographical regions within China. According to the statistics of cumulative excess deaths in each region, Eastern China emerges as the region with the highest fatality count, totaling 80,000 deaths. It is closely followed by central China, which also recorded 80,000 cumulative excess deaths. In contrast, Northwest China exhibited the lowest number of fatalities among the regions, while the North, South, and Southwest regions reported figures exceeding 40,000 deaths. Additionally, we conducted an analysis of cumulative excess deaths per square kilometer across the regions (see Table 2). Notably, Shanghai, situated in the eastern region, exhibited the highest density of cumulative excess deaths, with a value of 0.5091 deaths per square kilometer. In contrast, Tibet recorded the lowest density, with a mere 0.0002 deaths per square kilometer. The top five regions with the highest rankings in terms of cumulative excess deaths per square kilometer also include Beijing (0.2376), Jiangsu (0.1976), Shandong (0.1878), and Anhui (0.1626). The region with the most substantial cumulative excess deaths per square kilometer is Eastern China, a phenomenon closely associated with its densely populated areas and heightened vulnerability to the cold spells.

[image: Figure 5]

FIGURE 5
 Excess deaths in seven geographical regions of China.





4 Discussion

From a circulatory perspective, the occurrence of the cold spell is primarily associated with the establishment and subsequent collapse of middle and high latitude blocking high pressure systems. The principle is by the eastward progression of an intensifying cold high-pressure system, resulting in the influx of strong cold air. The cyclonic nature of the cold high-pressure front experiences rapid intensification, leading to the development of a horizontal trough that eventually transforms into a vertical structure. This vertical alignment facilitates the intrusion of cold air into China, ultimately triggering the outbreak of a cold spell. Extensive experience and research have enabled the classification of short-medium term cold spell weather patterns into three main types: small trough development, eastward-moving low trough, and horizontal trough turning vertical (22). It should not be disregarded that the substantial human health consequences stemming from extensive nationwide cold spells. The impacts of population vulnerability related to these cold events are anticipated to become increasingly severe under future warming scenarios (23).

Previous studies reported the possible mechanisms of influence of cold air and dramatic temperature changes during cold spells on health, especially for respiratory and circulatory diseases (18, 24–26). It is noteworthy that low temperature exerts a more pronounced impact on mortality associated with respiratory diseases (17, 27). Cold temperatures can promote the survival of bacteria and viruses in droplets, and indoor overcrowding can contribute to an increased risk of transmission among individuals (28). Abrupt temperature drops can also compromise the local defenses of the human respiratory tract, giving rise to the development of various lung ailments (29–31). Under the circumstance of sustained hypothermia and the passage of a cold front, there is an increase in blood supply and circulatory load on the human heart and brain, resulting in elevating the incidence of hypertension, and consequently raising the risk of stroke (32, 33). The activity of cold air masses and changes in meteorological factors can induce or exacerbate respiratory and circulatory diseases with a certain degree of lag (34, 35). The impacts caused by these environmental factors may not be fully recovered within a short period of time (36). Especially in vulnerable populations such as children and the older adults, their thermoregulatory systems often struggle to adapt to persistent cold temperature and drastic temperature changes (37), which may lead to the development and exacerbation of related diseases (38).

Cold fronts and cold high pressure are both weather systems controlled by cold air masses, with a cold front situated along the front of the cold high pressure. As the systems move, meteorological elements can change drastically, particularly leading to short periods of substantial cooling and rapid increases in barometric pressure (22). In the current study, we observed that such alterations in temperature and pressure caused by the movement of cold fronts often resulted in high ERs. Several studies have investigated the intricate relationship between mortality and changes in temperature and pressure, generally revealing an augmented mortality risk linked to elevated temperatures and reduced pressure (39–41). In a research conducted in the Czech Republic, changes in meteorological elements were found to be significantly correlated with mortality rates. The relationship between excess mortality and changes in temperature and pressure was more pronounced in instances of sudden fluctuations than in the passage of atmospheric fronts, and the effects were observed predominantly in populations aged 70 years and older (42). Similarly, Morabito et al. (43) identified a connection between abrupt weather changes and heightened blood pressure levels in Italy. Moreover, several other studies conducted in UK and the United States of America have also highlighted the association between sudden changes in weathers and mortality (44, 45).

Our findings indicated that the average ERs of death were greater in southern provinces of China compared to northern provinces. This discrepancy may be attributed to the differential adoption of protective measures by the public in these respective regions during cold spell events. The inhabitants of northern China exhibit a higher propensity for employing effective protective measures, including the provision of indoor heating in households and the implementation of community adaptation strategies. Individuals residing in warmer regions often face heightened vulnerability to the impacts of cold weather due to their limited physiological and behavioral adaptations (46–48). For instance, in subtropical regions, the scarcity of buildings equipped with heating systems capable of providing adequate warmth during extremely cold weather conditions contributes to an amplified risk, particularly among vulnerable groups such as the older adults (49). Conversely, northern regions exhibit greater adaptive experience with regard to lifestyle, dietary habits, clothing choices, and internal mechanisms that help regulate the body’s response to cold spell exposure (50). Individuals from disadvantaged socio-economic backgrounds and with lower levels of education are often more vulnerable to the effects of cold due to their limited access to health services and poorer living conditions (18, 51). When coupled with their geographical location in the warmer southern region, these factors render them even more susceptible to the adverse effects of lower temperatures (19, 52, 53). However, Shandong has the highest cumulative excess deaths. This may be due to the calculation of cumulative excess deaths accounts for various factors, including baseline mortality rates, population, and temperature drops during cold spells. Shandong Province is a populous region in China, ranking second in terms of population according to the seventh national census, with a relatively high baseline mortality rate. Additionally, the majority of the province experienced a significant decrease in temperature during the cold spell. Other provinces such as Xinjiang and Inner Mongolia had significant cooling but sparse populations, while Guangdong and Henan had large population bases but did not experience as much overall temperature reduction as Shandong. Consequently, the comprehensive result made Shandong have the highest cumulative excess deaths.

It is significant to note the potential higher vulnerability of early winter cold events examined in this study. Previous studies have shown that the risk associated with short-term, early cold and extreme cold events is higher compared to late cold events, with longer duration of early cold events exhibiting greater vulnerability (54, 55). Nevertheless, relative risks decrease towards the latter part of winter, which may be related to people gradually adapting to the cold environment by taking appropriate warming measures. The health risks associated with the first cold spell are greater compared to previous studies. Sun et al. (19) found that 57,783 non-accidental deaths were related to the cold spell in China in 2018, while our analysis revealed a significantly higher cumulative excess mortality of 369,056. In terms of attributing the excess mortality risk associated with cold spells, the national average ER (2.75%) estimated in our study was higher than 2.10% for multiple cities in China (56) and 1.44% in South Korea and Japan (57). This implies that the first cold spell process may have a stronger harvest effect (58), which may have a greater impact on public health in the short term, particularly among individuals with underlying medical conditions. Furthermore, the cold spell in this study exhibited a protracted duration, significant intensity, and diverse spectrum of ramifications. While the intensity and duration are crucial factors influencing the cold mortality relationship, with longer and stronger cold spells being associated with a significantly increased mortality rate (59, 60). Within the context of global climate change, it has been observed that wherein cold spells are becoming less frequent but increasingly extreme in nature (61). A preceding study suggested a notable escalation in the risk and health burden associated with cold spells over the course of several decades (57). It is crucial that we should keep moving forward assessing health risks in connection with cold waves and predicting the future health impacts of climate change, and comprehend the necessity of the intricate interplay between frigid weather events and human health. Simultaneously, we also should underscore the need for proactive measures to mitigate the impacts of extreme weather events such as cold waves and reduce the burden of disease on vulnerable populations.

Several limitations should be acknowledged in this study. Firstly, our estimates are subject to the assumption that a uniform baseline mortality rate is applied to each locality within the province. This simplifying assumption may overlook potential variations in mortality rates across different sub-regions or demographic groups within each province. Secondly, the data utilized for establishing the baseline mortality rates were only updated until 2021, potentially limiting the generalizability of our findings to more recent periods. Considerable variations in mortality rates arise between urban and rural areas owing to disparities in socio-economic levels, environmental factors, and access to healthcare services (62). We have employed a single [image: image] value for China, which may lead to potential underestimation or overestimation of the health burden in certain areas. Significant demographic and epidemiological changes were driven by rapid urbanisation, new coronavirus epidemics, and ageing (63), but we were unable to acquire the exact number of deaths caused by cold wave exposure to facilitate the calculation and validation processes due to data constraints. Future studies could benefit from incorporating updated health data, which would enhance the precision and reliability of studies.



5 Conclusion

The findings indicated that temperature drops from the cold spell outbreak had placed a significant health burden on China. Southern China faced a greater health risk from the cold spell compared to the north. The economically developed and densely populated provinces and regions have a higher cumulative excess deaths. Excess deaths were the highest in Shandong province. Our research offered an evidence of the mortality risks posed by cold spells in China, and may play a crucial role in developing region-specific prediction systems, particularly vulnerable groups, from the hazards of these extreme weather events.
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Purpose: Few studies examined the relationship between temperature fluctuation metrics and acute myocardial infarction (AMI) hospitalizations within a single cohort. We aimed to expand knowledge on two basic measures: temperature range and difference.

Methods: We conducted a time-series analysis on the correlations between temperature range (TR), daily mean temperature differences (DTDmean), and daily mean-maximum/minimum temperature differences (TDmax/min) and AMI hospitalizations, using data between 2013 and 2016 in Beijing, China. The effects of TRn and DTDmeann over n-day intervals were compared, respectively. Subgroup analysis by age and sex was performed.

Results: A total of 81,029 AMI hospitalizations were included. TR1, TDmax, and TDmin were associated with AMI in J-shaped patterns. DTDmean1 was related to AMI in a U-shaped pattern. These correlations weakened for TR and DTDmean with longer exposure intervals. Extremely low (1st percentile) and high (5°C) DTDmean1 generated cumulative relative risk (CRR) of 2.73 (95% CI: 1.56–4.79) and 2.15 (95% CI: 1.54–3.01). Extremely high TR1, TDmax, and TDmin (99th percentile) correlated with CRR of 2.00 (95% CI: 1.73–2.85), 1.71 (95% CI: 1.40–2.09), and 2.73 (95% CI: 2.04–3.66), respectively. Those aged 20–64 had higher risks with large TR1, TDmax, and TDmin, while older individuals were more affected by negative DTDmean1. DTDmean1 was associated with a higher AMI risk in females.

Conclusion: Temperature fluctuations were linked to increased AMI hospitalizations, with low-temperature extremes having a more pronounced effect. Females and the older adult were more susceptible to daily mean temperature variations, while younger individuals were more affected by larger temperature ranges.

KEYWORDS
 acute myocardial infarction, temperature range, temperature difference, age, sex


1 Introduction

Acute myocardial infarction (AMI) continues to carry a substantial health burden worldwide (1). Ambient temperature has been established to mediate an elevated risk of AMI (2–4). However, long-term cold and heat exposure generates biological and behavioral acclimatization, thus modifying the influence of absolute temperature (5, 6). For example, early studies showed a more pronounced effect of lower temperatures during warmer years (4). Prior studies linked short-term cold exposure to increased inflammation and hyper-coagulation, predisposing individuals to AMI (7). Also, temperature fluctuations disrupt autonomic function by elevating blood pressure and heart rate (8), exaggerating the myocardial oxygen demand–supply imbalance in those with preexisting coronary lesions (9).

Recent data highlighted the adverse effect of temperature fluctuation using an array of metrics (10–16). Intra-day temperature range and day-to-day temperature difference are commonly studied metrics, capturing different aspects of temperature fluctuations. In prior studies, greater neighboring day temperature differences were linked to increased cardiovascular visits and hospitalizations (17). A larger diurnal temperature range contributed to increased coronary heart disease-related death (18) and out-of-hospital cardiac arrests (19). However, few studies examined the impacts of temperature range differences within a single cohort. Also, it remains unclear whether 1-day intervals are the optimal observation periods for assessing day-to-day temperature differences and temperature ranges.

In this time-series study, we used registry data for all AMI hospitalization in Beijing, China, a heavily populated city with a humid continental climate. We performed an extended analysis on two basic measures: temperature range and daily mean temperature difference, aiming to understand their effects on AMI hospitalization and explored the optimal observation intervals. Additionally, we sought to identify susceptible age and sex subgroups for different patterns of temperature fluctuation, thus informing targeted prevention strategies.



2 Materials and methods


2.1 Data collection

We collected all cases of hospital admission for AMI between January 1st, 2013 and December 31st, 2016 in Beijing. Data were obtained from the Beijing Municipal Health Commission Information Center. Anonymous demographic and residential information was collected, including the institute of admission, date of onset, gender, age, primary diagnosis, and comorbidities. Birthplace, current residential address, and workplace address were used to exclusively include patients who resided in Beijing. Patients aged between 20–74 years old were included in the analysis. AMI hospitalization was identified by the primary diagnostic code of I21–I22, according to the International Classification of Diseases 10th revision (ICD-10). The study was approved by the Peking Union Medical College Hospital (PUMCH) Institutional Review Board.

City-level meteorological data, including daily mean temperature (Tmean), maximum temperature (Tmax), minimum temperature (Tmin), air pressure, relative humidity (RH), and wind speed (WS) were recorded by the China Meteorological Administration (CMA). The data were collected by a stationary monitoring station located near the city center (Station code: 54511). Air pollutant data were included as confounding factors, which were collected from 35 monitoring stations across Beijing. This included the hourly concentration of both the particulate (PM2.5, PM10) and gaseous air pollutants (SO2, NO2, O3, CO). To address daily variations in a set of pollutants, we calculated the Air Quality Index (AQI) which combines the effects of six common air pollutants for the same period. Influenza was independently associated with an increased risk of AMI in the previous study (20). We collected data on influenza epidemic (IF), which was defined as when the positive rate of influenza isolation in any given week exceeded 20% of the maximum weekly positive rate of influenza isolation in the whole surveillance season (from the 27th week of the previous year to the 26th week of the following year) in northern China (13, 14). The influenza surveillance data were obtained from the Chinese National Influenza Center.1



2.2 Temperature variables

We estimated the influence of temperature range (TRn) and daily mean temperature difference (DTDmeann) on the count of AMI hospital admissions. TRn represents the difference between maximal temperature and minimum temperature over an n-day period, ie. Tmax minus Tmin over n days. DTDmeann was derived from the mean temperature difference between the current day and n day prior. To further understand the intra-day cold and heat effects, we investigated intra-day cold and heat effects using daily maximum/minimum and mean temperature difference (TDmax/TDmin) which represented the same-day Tmax/ Tmin minus mean temperature.



2.3 Statistical analysis

Distributed Lag Non-linear Model was established to fit the nonlinear effect and lag effect of independent variables (12–14). Long-term and seasonal trends were controlled using a natural cubic spline with 7 degrees of freedom (df) for the time. We defined the seasons based on astronomical seasons, which were spring (March 20th to March 21st), summer (June 20th to June 21st), autumn (September 22nd to September 23rd), and winter (December 20th to December 21st). Wind speed, air pressure, relative humidity, and Air Quality Index were adjusted using a natural cubic spline with 3 df. Public holiday (PH) and day of the week (DOW) were adjusted for their impacts on the behavioral patterns. The full model was as below:

[image: image]

E (Yt) denotes the number of AMI hospital admissions on day t. α and β were the model intercept and regression coefficient, respectively. cb represents the cross-basis function and ns indicates the natural cubic spline function. Tmp refers to different temperature variables. Time refers to the time to control the season and long-term trends. df represents the degree of freedom.

3D maps depicted the overall relationship between temperature variables and AMI relative risks (RR) over 21 lag days (lag). We plotted the lag-response curves of temperature variables at 1st, 5th, 95th, and 99th, respectively. Twenty-one-day cumulative relative risk (CRR), the sum of the relative risk of each lag day within 21 days, was calculated to assess the overall effects of temperature variables and control the possible harvesting effect. The most moderate temperature difference (MMTD) was defined as the optimal temperature difference that carries the lowest risk of AMI, which served as the reference when evaluating relative risks. We performed stratification analysis by gender and age (<65 vs. ≥65 years old) and tested the reliability of the results. Statistical analyses were conducted in R software (R x64 v3.4.2) using “mgcv” and “dlnm” packages. A two-sided p value of 0.05 was considered statistically significant.




3 Results


3.1 Descriptive analysis

Between 2013 and 2016, we identified a total of 81,029 hospitalizations for AMI, with 55,669 (68.7%) being male and 36,989 (45.6%) under the age of 65. We observed a trend of increase in hospital admissions for AMI. Supplementary Table S1 shows the descriptive statistics of the study population and meteorological data in Beijing, China.

The maximum, mean, and minimum daily temperatures were 19.01°C, 12.94°C, and 7.19°C, respectively. The mean Air Quality Index, relative humidity, wind speed, and air pressure were 123.65 ± 75.17, 53.43 ± 19.86, 9.29 ± 4.75 m/s, 53.43 ± 19.86%, and 1016.555 ± 10.17 hPa, respectively. Summary statistics for meteorological and air pollution are summarized in Supplementary Table S2.



3.2 Cumulated relative risk

Compared to DTDmean1, longer exposure intervals (DTDmean2-4) attenuated the association between DTDmean and AMI hospitalization (Figure 1). Notably, DTDmean4 did not increase the risk of AMI hospitalization. The exposure-response association between DTDmean1 and AMI hospitalization was U-shaped. The AMI hospitalization risk reached a nadir at 1.4°C, namely MMTD for DTDmean1, and marked increases in risk were observed at both low and high DTDmean1. On days with DTDmean1 values at the 1st percentile (−6°C) and 99th percentile (5°C), the CRR reached 2.73 (95% confidence interval, CI: 1.56–4.79) and 2.15 (95% CI: 1.54–3.01), respectively (Supplementary Table S3).
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FIGURE 1
 Overall exposure-response associations between neighboring-day mean temperature difference (DTDmean) over 1–4 days (A–D) and cumulative relative risks (CRR) for AMI hospitalization. Shaded areas represent 95% CI.


The association between TR and AMI hospitalization weakened with longer exposure intervals when comparing TR1-5 (Figure 2). No significant relationship was observed between TR5 and the risk of AMI hospitalization. The association between TR1 and the risk of AMI hospitalization exhibited a J-shaped pattern, where the risk increased when TR1 exceeded 16.9°C. TR1 at the 95th (19°C) and 99th percentile (22°C) were associated with CRRs of 1.12 (95% CI: 1.04–1.20) and 2.0 (95% CI: 1.73–2.85), respectively (Supplementary Table S4).
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FIGURE 2
 Overall exposure-response associations between temperature range (TR) over 1–4 days (A–D) and cumulative relative risks (CRR) for AMI hospitalization. Shaded areas represent 95% CI.


The overall patterns of TDmax/TDmin-AMI hospitalization association were similar to TR1 with varying magnitude of association (Figure 3). The positive associations were observed when TDmin and TDmax exceeded 8.1°C and 8.6°C, respectively. For TDmax at the 95th percentile (10°C) and 99th percentile (11°C), the CRRs were 1.18 (95% CI: 1.09–1.29) and 1.71 (95% CI: 1.40–2.09), respectively (Supplementary Table S5). For TDmin at the 95th percentile (9°C) and 99th percentile (11°C), the corresponding CRRs were 1.07 (95% CI: 1.00–1.15) and 2.73 (95% CI: 2.04–3.66), respectively (Supplementary Table S6).
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FIGURE 3
 Overall exposure-response associations between maximum-mean temperature difference (TDmax, A), mean-minimum temperature difference (TDmin, B) and cumulative relative risks (CRR) for AMI hospitalization. Shaded areas represent 95% CI.




3.3 Single-day Lag effects

Negative (temperature decline) and positive (temperature rise) DTDmean1 showed different patterns of lag effects (Supplementary Figure S1). The RR of DTDmean1 at −6°C (1st percentile) and − 4°C (5th percentile) peaked on lag day 10 and yielded a lag effect throughout lag day 3 to 18 and lag day 3 to 21, respectively. For positive DTDmean1, we observed delayed peak lag effects. The effect of DTDmean1 at 5°C (99th percentile) and 4°C (95th percentile) both extended from lag day 1 to 21, with the RR peaked on lag day 21.

Similar lag patterns were observed among TR1, TDmax, and TDmin at the 99th percentile, which lasted for 20 days and peaked on lag day 2–3 (Supplementary Figure S2). No significant associations were found for TR1 and TDmax at the 95th percentile. For TDmin at the 95th percentile (9°C), the lag effect was only significant on lag day 0 and 1, reaching the peak RR on lag day 0.

Supplementary Figure S3 shows the 3D mapping of the association between relative risk AMI hospitalization and DTDmean1, TR1, TDmax, and TDmin over the 21-day lag period.



3.4 Age- and sex-specific effect

Compared to their younger counterparts, individuals aged over 65 years were at higher risk of AMI hospitalization on days with negative DTDmean1 (−6°C) [3.04 (95% CI: 1.48–6.22) vs. 2.40 (95% CI: 1.17–4.92)]. Negative DTD mean1 was more strongly associated with the AMI hospitalization risk in females than males [3.40 (95% CI: 1.42–8.12) vs. 2.46 (95% CI: 1.29–4.67)] (Supplementary Figure S4). Comparable CRRs were observed among age and sex subgroups with positive DTDmean1 (Supplementary Table S3).

In contrast, the associations between TR1, TDmax, and TDmin were attenuated at older ages. For TR1 at the 99th (22°C) percentile, the CRR was 2.69 (95% CI: 1.07–3.68) for the younger group and 1.90 (95% CI: 1.38–2.60) for the older group. TDmax at the 99th percentile (11°C) corresponded to a CRR of 2.01 (95% CI: 1.56–2.59) for the younger group and 1.49 (95% CI: 1.15–1.92) for the older group. Specifically, TDmin yielded a CRR of 3.36 (95% CI: 2.32–4.87) for the younger group and 2.29 (95% CI: 1.58–3.33) for the older group at the 99th percentile (11°C) (Figure 4). Slightly increased risks were noted for females with greater TR1, TDmax, and TDmin (Supplementary Figure S5 and Supplementary Tables S4–S6).
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FIGURE 4
 Exposure-response associations between 1-day temperature range (TR1, A,B), maximum-mean temperature difference (TDmax, C,D), mean-minimum temperature difference (TDmin, E,F) and cumulative relative risks (CRR) for AMI hospitalization stratified by age. Shaded areas represent 95% CI.





4 Discussion

In this study, we conducted a comprehensive analysis of the impacts of temperature range and differences on AMI hospitalization in Beijing, China. Increased temperature range and day-to-day temperature difference were both associated with higher AMI risk with the optimal 1-day observation interval. Specifically, the older adult population was more susceptible to day-to-day temperature differences, while the younger population was subject to larger temperature ranges, represented by TR1, TDmin, and TDmax. Females were more affected by neighboring-day temperature declines.

Previous studies have linked neighboring-day temperature differences to coronary heart disease. In a study conducted in Brisbane and Los Angeles, a temperature drop and increase of more than 3°C between neighboring days were associated with a relative risk of 1.252 (95%CI: 1.131–1.386) and 1.35 (95% CI: 1.033, 1.772) for cardiovascular deaths during summer (21). Similarly, Shi et al. demonstrated a V-shaped relationship between neighboring day temperature differences and cardiovascular visits and hospitalizations in northwest China (17). These findings suggest that day-to-day temperature change, regardless of the direction of the change, contributes to increased cardiovascular risks.

The diurnal temperature range (DTR), in our setting, TR1, was also related to increased AMI risks. A study in Shanghai, China showed that a 1°C increment in the DTR yielded a 2.46% increase in coronary heart disease-related death (18). In a New York-state-based study, DTR was positively associated with AMI risk (10). In a Japanese study between 2005 and 2013, DTR was related to increased risks of out-of-hospital cardiac arrests, but less significant when compared to mean temperature (19). However, Lim et al. found an adverse effect between DTR and cardiovascular admissions, but no effect on AMI in Korea between 2003 and 2006 (22). In addition, we examined the influence of cold and heat effects by incorporating TDmin and TDmax. We found that TDmin had a more substantial impact on AMI risks, indicating a stronger association with cold temperature extremes.

Few studies examined the impacts of observation intervals, primarily focusing on 1 to 2 days of variability. A Brazilian study between 2000 and 2015 observed the most significant effect of temperature variability (measured as the standard deviation of daily minimum and maximum temperatures) on ischemic heart disease risk during 0–1 day, with the effect diminishing over 0–4 days (23). Despite the strongest estimates for 1-day exposure, we also identified a minor yet statistically significant effect of temperature fluctuation over 2 to 3 days. These results are consistent with the findings of Pearce et al., who showed that temperature trajectories in preceding days modified the associations between daily temperature and mortality in Melbourne, Australia (24).

The effect of temperature fluctuations on the risk of AMI hospitalization varied by age. In line with the previous studies, the older adult population, characterized by diminished thermoregulatory capacity, displayed greater susceptibility to day-to-day temperature variations (10, 22). Contrary to prior findings, we observed that younger participants were more prone to significant intra-day temperature ranges. In addition, low-temperature extremes, represented by TDmin may contribute to a more pronounced influence on AMI. This discrepancy might be attributed to the lower age cut-off compared to the previous studies (75 years) (22, 25), which consisted mainly of the working population. We hypothesized that daily commutes led to greater temperature fluctuation exposure, resulting in a higher risk of AMI in the younger population. Additional behavioral studies are needed to investigate these discrepancies.

Existing data demonstrated inconsistent modification effects by sex. In the WHO MONICA project between 1980 and 1995, females living in warm climates exhibited higher coronary event rates during cold periods (2). However, no gender differences in the seasonality of AMI hospitalization in the Taiwan study between 1997 and 2011 (26). An hour-to-hour study in Queensland, Australia, showed that elevated risks occurred more acutely in males following extreme cold exposure (9 h in males vs. 19 h in females) (27). Physiological studies suggest that females had weaker sweating responses, greater heat loss due to a larger surface area, and periodic thermoregulation due to menstrual cycles (28, 29). However, geographic differences may account for the divergence across the study, involving biological and habitual adaptations. For example, in the Brazilian study, males engaged in more outdoor activities, possibly making them more susceptible to ambient temperature (23).

Our study focused on observations in Beijing, a densely populated temperate city. We investigated the effects of DTDmean and TR over 1–5 days’ exposure and their differential effects on age and sex. However, our study has several limitations. Firstly, as a single-city study, the findings may not apply to regions with different climate types. Secondly, the data might not represent individual-level exposure, as indoor temperature exposure was not analyzed. Lastly, using data from city-wide monitoring stations introduces potential measurement errors that cannot be fully eliminated.



5 Conclusion

Temperature fluctuations were linked to increased AMI hospitalizations, with low-temperature extremes having a more pronounced effect. Females and the older adult were more susceptible to daily mean temperature variations, while younger individuals were more affected by larger temperature ranges.
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To comprehensively understand the application progress of ensemble forecast technology in influenza forecast based on infectious disease model, so as to provide scientific references for further research. In this study, two keywords of “influenza” and “ensemble forecast” are selected to search and select the relevant literatures, which are then outlined and summarized. It is found that: In recent years, some studies about ensemble forecast technology for influenza have been reported in the literature, and some well-performed influenza ensemble forecast systems have already been operationally implemented and provide references for scientific prevention and control. In general, ensemble forecast can well represent various uncertainties in forecasting influenza cases based on infectious disease models, and can achieve more accurate forecasts and more valuable information than single deterministic forecast. However, there are still some shortcomings in the current studies, it is suggested that scientists engaged in influenza forecast based on infectious disease models strengthen cooperation with scholars in the field of numerical weather forecast, which is expected to further improve the skills and application level of ensemble forecast for influenza.
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1 Introduction

Influenza is a respiratory disease caused by influenza virus infection, it’s highly contagious and its outbreaks have the characteristics of seasonal circulation. According to statistics, worldwide, influenza epidemics cause about 3–5 million severe cases of lower respiratory tract infection and 250,000–690,000 deaths every year (1), which poses a great threat to human public health. During the influenza epidemics, a large number of patients not only cause a serious burden on the medical resources, but also cause huge social and economic burdens.

Accurately forecasting the occurrence and development of influenza has important scientific significance for governments to formulate specific vaccination and non-drug interventions, prepare adequate medical resources in advance, and evaluate the effect of policies. Forecasting influenza cases based on infectious disease model is an important method for scientific prevention and control. Taking the widely used susceptible–infectious–recovered–susceptible (SIRS) model as an example (2), infectious disease model is usually composed of ordinary differential equations that characterize the dynamic mechanism of infectious disease transmission, and contains some sensitive parameters, such as infection rate (i.e., the probability of a patient to infect others), the probability of conversion from a latent period person to an infected person, the recovery rate of infected persons, the mortality rate and the coefficient of government interventions. After setting the relevant sensitivity parameters and the initial values of the differential equations (such as the number of cases at present, etc.) in advance, the number of influenza cases in the future can be achieved by numerical integration of the differential equations.

After decades of continuous development, the infectious disease models have shown good potentials for application. However, the initial values in infectious disease models still inevitably have certain errors, and the relevant sensitivity parameters in the models are all set according to users’ experiences. Due to the high nonlinearity of infectious disease models, the error of the initial values and the relevant sensitive parameters will be amplified with the extension of forecast lead time and eventually lead to large biases of the forecast results, which limits the accuracy of the model forecast results to a certain extent. Therefore, it is worthy to quantitatively reflect the uncertainty of the initial values and sensitive parameters in infectious disease models, thus to solve the uncertainty problems in the single deterministic forecast result and improve the accuracy and application level of the infectious disease model forecasts. In view of this, learning from and applying the ensemble forecast technology developed in the field of numerical weather forecast is expected to effectively solve the above problems.

In recent years, it is noticed that the ensemble forecast technology has been applied in forecasting influenza cases based on infectious disease models, this paper will review the literature. Two keywords of “influenza” and “ensemble forecast” are selected to search and select the relevant literatures, which are then outlined and summarized. In addition, some suggestions are put forward, according to the author’s experiences in research and application of ensemble forecast technology for several years.



2 Introduction of ensemble forecast technology

Ensemble forecast technology is developed in the field of numerical weather forecast. The essence of numerical weather forecast is to calculate the forecast value in the future by repeatedly integrating the differential equations representing the atmospheric motion started from the initial values, which is consistent with the essence of forecasting influenza cases based on infectious disease models. Due to the chaotic characteristics of the atmosphere, any small error in the initial values may quickly diverge the outcomes after a period of integration, and sometimes may even result in completely opposite results. In order to solve the above problems, the concept of ensemble forecast was put forward in the 1970s (3): Based on a certain mathematical method, a set of initial values with certain probability density function (PDF) distribution characteristics are firstly generated (as shown in Figure 1), each initial value may represent the real condition of the atmosphere. After this, ensemble forecast results can be achieved by numerical integration of each initial value (usually combined with different physical process parameterization schemes, planetary boundary layer conditions or even based on different models), thus to inferring the evolution of the PDF of atmospheric states over different forecast lead time.

[image: Figure 1]

FIGURE 1
 The schematic diagram of ensemble forecast (Black line: deterministic forecast; Blue line: ensemble members’ forecasts; Red dotted line: observation).


Ensemble forecast is no longer single deterministic forecast, but a group of forecasts, each of which can be called an ensemble member, and the divergence degree of ensemble members’ forecasts (i.e., the ensemble spread) can be used as a quantitative representation of the forecast uncertainty (i.e., the forecast error). Appropriate post processes for ensemble members’ forecasts can achieve corresponding post-processed deterministic forecast products, and the forecast performance of these products are usually significantly better than that of the original single deterministic forecast. In addition, modern ensemble forecasts are expressed probabilistically other than deterministically, more decision mistakes could be avoided if the decisions are made based on whether the probabilities exceed some prior determined threshold for action, which is an important aspect for the application of ensemble forecast technology.

Ensemble forecast has become a relatively mature technology in the field of numerical weather forecast, and has been widely used in the operational forecasting practice (4). Meanwhile, as a scientific way to solve the uncertainty problems existing in single deterministic forecast, it has also been widely used in the fields of aviation (5), biology (6), hydrology (7), electricity (8), economy (9) and infectious disease prevention and control in recent years, providing great enlightening significance for solving the prediction problems in related fields.



3 Application progress of influenza ensemble forecast


3.1 Application progress of influenza ensemble forecast in the United States

The United States is one of the country’s most seriously affected by seasonal influenza, and the Department of Environmental Health Sciences of Columbia University has carried out several studies on influenza ensemble forecast for some megacities in the past decade.

Shaman and Karspeck (2) established an influenza ensemble forecast system based on the SIRS model and ensemble adjusted Kalman filter (EAKF) assimilation technology developed in the field of numerical weather forecast. This system uses EAKF assimilation method to assimilate the data of current influenza cases updated on relevant websites in real time, thus to generate 250 sets of initial values, the SIRS model is then used to integrate the initial values to achieve 250 sets of forecast values. On this basis, the ensemble forecast system was tested and evaluated for forecasting influenza cases in New York City from 2003 to 2008, In general, the influenza ensemble forecast system can accurately forecast the peak timing about 7 weeks in advance of the actual peak, and the spread of the ensemble members’ forecasts can be used to enhance the confidence in the accuracy of forecast results.

In the influenza epidemic seasons of 2012 and 2013, the above-mentioned influenza ensemble forecast system (2) was operationally implemented in real time and provided forecast results of influenza cases in 108 cities of the United States (10), which was the first operational ensemble forecast system for influenza. According to the related evaluation results: The influenza ensemble forecast system could accurately forecast the peak timing about 9 weeks in advance of the actual peak. In general, the forecast accuracy gradually increased with the season progressed. By the 52th week, prior to peak for the majority of cities, 63% of all ensemble forecasts were accurate.

The nonlinear growth of errors is the main source of forecast errors in infectious disease models. In order to further optimize the influenza ensemble forecast system, on the basis of the previous works, Pei and Shaman (11) quantitatively estimated the nonlinear error results of the above-mentioned influenza ensemble forecast system through the error breeding analysis method and then accordingly corrected the forecast errors. After this, the ensemble forecast experiments for influenza cases in 95 cities of the United States from 2003 to 2008 were conducted, evaluation results indicate that: In general, through the nonlinear error correction process, the forecast accuracy of the peak time and peak intensity of influenza outbreak are both improved.

On the basis of the previous works, Pei et al. (12) found that the initial value error and random error in the infectious disease model have similar growth characteristics in the process of model integration through several diagnostic analysis processes, which further confirmed that the nonlinear dynamic error growth is the main source of the forecast error of infectious disease models. On this basis, the direction of the fastest growth of initial value error was found by singular vector analysis method and then accordingly used to optimize the initial value perturbation scheme. After this, the ensemble spread increases significantly so that the forecast uncertainty could be better represented, and the ensemble forecast accuracy is also further improved.

To sum up, the United States is the country with the most research on influenza ensemble forecast technology. In recent years, an influenza ensemble forecast system was built, and some ensemble forecast researches such as forecast results evaluation, error evolution characteristic diagnosis and analysis, ensemble forecasting initial value perturbation scheme optimization have been done. The newly-developed influenza ensemble forecast system has been operationally implemented and provided reference for scientific prevention and control.



3.2 Application progress of influenza ensemble forecast in subtropical regions

Influenza outbreaks in temperate regions usually present the characteristics of seasonal circulation, while that in tropical and subtropical regions presents irregular non-seasonal distribution characteristics and can breakout throughout the year. Therefore, the forecast of influenza cases in tropical and subtropical regions is more difficult.

Yang et al. (13) established an influenza ensemble forecast system with ensemble size of 500 for the Hong Kong city in subtropical region based on the SIRS model and the EAKF assimilation technology, which is similar to the ensemble forecast system constructed by Shaman and Karspeck (2). Based on this, the ensemble forecast system was tested and evaluated for influenza cases in Hong Kong from 1998 to 2013. Overall, the influenza ensemble forecast system was able to predict the peak timing and peak intensity of 44 influenza pandemics caused by single influenza strain or multiple influenza strains in the past 16 years. The overall forecast accuracy of 1–3 weeks in advance was 37%, and the forecast accuracy increased with the ensemble spread. The maximum accuracy of the peak time (intensity) of the pandemic caused by different strains is 43–93% (45–89%). In general, for non-seasonal influenza pandemics in subtropical regions, which are difficult to predict, the influenza ensemble forecast system can forecast accurately at least three weeks in advance.

The influenza ensemble forecast system for Hong Kong is generally similar to that established by the Department of Environmental Health Sciences of Columbia University, but its overall forecast accuracy is obviously worse, which may be mainly due to the lower predictability of influenza outbreaks in subtropical regions compared to temperate regions.



3.3 Application progress of super ensemble forecast technology for influenza

In addition to establishing ensemble forecast system based on a single model, the forecast results based on different models can be directly combined to form ensemble forecasts, which is called multi-model super ensemble forecast in the field of numerical weather forecast. Generally speaking, each model has its certain advantages and disadvantages. Thus, the super ensemble forecast may absorb (avoid) the advantages (disadvantages) of each single model, so as to achieve more accurate forecast results. In recent years, several studies have been fulfilled on the multi-model super ensemble forecast for influenza.

To incorporate all available data and methods to achieve a more accurate forecast of influenza cases, the Centers for Disease Control and Prevention of the United States has organized seasonal influenza forecasting challenges since the 2013 season. In the 2017 and 2018 influenza seasons, the 22 teams participating in the challenge combined the forecast results of their respective model through the machine learning method (14), and the specific weights for each model were determined by its forecast accuracy in previous seasons. It is found that the forecast results after weighted integration are obviously better than that of the 22 teams, which shows good potentials to be operationally implemented.

Yamana et al. (15) also completed a similar study on the seasonal influenza, but during the weighted integration process based on the multi-model super ensemble forecast results, the same weight was applied to each model. The results showed that the forecast results of the multi-model ensemble forecasts outperform those of each single model, and very poor forecast results were less likely to occur.

Different from the above schemes for determining weight of each single model, McAndrew and Reich (16) generated the weights of each model by its forecast accuracy updated weekly in real time and found that the forecast accuracy based on this weighting scheme are better than that of the above-mentioned two schemes (14, 15).

To sum up, scheme for determining weight should be selected according to specific needs or situations when carrying out weighted integration processes for multi-model super ensemble forecast results, since each scheme has its own advantages and disadvantages. In general, the development of super ensemble forecast and proper weighted integration process could achieve more accurate forecast results.




4 Discussion

In recent years, several influenza ensemble forecast systems were established and some related researches were conducted such as forecast results evaluation, error evolution characteristic diagnosis and analysis, ensemble forecasting initial value perturbation scheme optimization, super ensemble forecast and so on. Some well-performed influenza ensemble forecast systems have been operationally implemented and provided references for scientific prevention and control. In general, ensemble forecast can represent various uncertainties in forecasting influenza cases based on infectious disease model and achieve more accurate forecasts and more valuable information than the single deterministic forecast, showing a good prospect for application. In addition, the development of super ensemble forecast and proper weighted integration process could achieve more accurate forecast results.

However, there are still some weakness in the above-mentioned works: Firstly, some of the above-mentioned influenza ensemble forecast systems use the EAKF assimilation method to generate initial values. In fact, there are many other initial value perturbation technologies (17) in the field of numerical weather forecast that can be applied to establish influenza ensemble forecast system, which are expected to reflect the forecast uncertainty of infectious disease model more reasonably and improve the corresponding ensemble forecast skills; Secondly, at present, the post process technologies for influenza ensemble forecast products are mostly simple ensemble average or weighted average based on super ensemble forecast. It is expected to further improve the accuracy and application level of influenza ensemble forecast products by learning to and applying other mature post-process technologies (18) in the field of numerical weather forecast, such as the probability-matching ensemble mean, merged optimal ensemble quantile and Bayesian average; Thirdly, modern ensemble forecasts are expressed probabilistically other than deterministically, more decision mistakes could be avoided if the decisions are made based on whether the probabilities exceed some prior determined threshold for action, which is an important aspect for the application of ensemble forecast technology (19). However, at present, probability forecast is rarely used in the influenza ensemble forecast system, strengthening the application of ensemble probability forecast is expected to further improve the application level of influenza ensemble forecast and reduce decision-making errors.

To further improve the skills and application level of ensemble forecast for influenza, I strongly suggest that scientists engaged in influenza forecast based on infectious disease models should strengthen cooperation with scientists in the field of numerical weather forecast, which is expected to produce innovative academic ideas and achieve new breakthroughs through interdisciplinary cooperation.

Due to the limitation of words, this study only reviews the application progress of ensemble forecast technology in influenza forecast based on infectious disease model. In fact, there are many other similar studies involving other infectious diseases such as dengue (20) and COVID-19 (21), which may be reviewed in the future.
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Background: Frequent air pollution events in Northwest China pose a serious threat to human health. However, there is a lack of specific differences assessment in PM2.5-related disease burden. Therefore, we aimed to estimate the PM2.5-related premature deaths and health economic losses in this typical northwest region, taking into account disease-specific, age-specific, and region-specific factors.

Methods: We utilized the WRF-Chem model to simulate and analyze the characteristics and exposure levels of PM2.5 pollution in Gansu Province, a typical region of Northwest China. Subsequently, we estimated the premature mortality and health economic losses associated with PM2.5 by combining the Global Exposure Mortality Model (GEMM) and the Value of a Statistical Life (VSL).

Results: The results suggested that the PM2.5 concentrations in Gansu Province in 2019 varied spatially, with a decrease from north to south. The number of non-accidental deaths attributable to PM2.5 pollution was estimated to be 14,224 (95% CI: 11,716–16,689), accounting for 8.6% of the total number of deaths. The PM2.5-related health economic loss amounted to 28.66 (95% CI: 23.61–33.63) billion yuan, equivalent to 3.3% of the regional gross domestic product (GDP) in 2019. Ischemic heart disease (IHD) and stroke were the leading causes of PM2.5-attributed deaths, contributing to 50.6% of the total. Older adult individuals aged 60 and above accounted for over 80% of all age-related disease deaths. Lanzhou had a higher number of attributable deaths and health economic losses compared to other regions. Although the number of PM2.5-attributed deaths was lower in the Hexi Corridor region, the per capita health economic loss was higher.

Conclusion: Gansu Province exhibits distinct regional characteristics in terms of PM2.5 pollution as well as disease- and age-specific health burdens. This highlights the significance of implementing tailored measures that are specific to local conditions to mitigate the health risks and economic ramifications associated with PM2.5 pollution.

KEYWORDS
PM2.5, premature mortality, specific differences, economic loss, Northwestern China


1 Introduction

Air pollution, particularly fine particulate matter (PM2.5), is the fourth leading determinant of mortality worldwide (1). Epidemiological studies have shown that long-term exposure to ambient PM2.5 can lead to adverse health outcomes, including increased risks of death from disease such as ischemic heart disease (IHD), stroke, chronic obstructive pulmonary disease (COPD), lower respiratory infections (LRI), and lung cancer (LC) (2–5). In the last decade, PM2.5 has become the predominant air pollutant in China. Although there has been a significant reduction in PM2.5 levels (6, 7), the majority (81%) of the population is still exposed to annual average PM2.5 concentration that exceed the World Health Organization's (WHO) Air Quality Interim Target of 35 μg·m−3 (8). According to estimates from the Global Burden of Disease Study (GBD), PM2.5 pollution resulted in ~4.14 million premature deaths worldwide in 2019, with over 1/4 of these deaths occurring in China, a notably higher number than in other countries (1). The health impacts of PM2.5 also result in significant economic losses to society (9, 10). Guan et al. (10) estimated that the economic losses from ambient PM2.5 pollution were 3.20–3.34 trillion yuan across China during 2015–2017. Therefore, a diligent and accurate evaluation of the disease burden caused by PM2.5 pollution remains essential for effective policy formulation.

Many studies have utilized ground monitoring data to assess the premature mortality attributable to PM2.5 (11–13). However, accurately understanding the characteristics of PM2.5 pollution poses challenges due to the limited spatial coverage and uneven distribution of the PM2.5 monitoring network (14). Methods of PM2.5 exposure based on air quality model simulations with broader spatial coverage are considered more effective (15). For example, Wu et al. (16) and Li et al. (17) estimated PM2.5-related premature mortality in China using PM2.5 concentration data simulated by air quality models. Furthermore, the exposure-response function is crucial for accurately assessing premature mortality. Recent studies have recognized a non-linear relationship in the relative risk of PM2.5 health effects (3, 4). As a result, a progression of exposure-response models have been developed, ranging from basic linear models to more advanced log-linear models (LL), integrated exposure-response model (IER), and the most recent global exposure mortality model (GEMM) (5).

Several studies have examined the national-level impact of PM2.5 exposure on disease burden using varying PM2.5 concentration data and exposure-response functions (6, 7, 18–20). However, there has been less focus on the disease burden of PM2.5 in specific regions, and it is mainly done in developed regions such as the Beijing-Tianjin-Hebei region (21), the Yangtze River Delta (22), and the Pearl River Delta (23), while researches in the northwestern region of China are lacking. PM2.5-related mortality varies significantly across regions due to disparities in air pollution levels and socio-economic status (24). Additionally, age structure plays a significant role in PM2.5-related mortality, as different diseases and age groups contribute variably to these deaths. Xie et al. (25) found that overlooking age structure could result in an overestimation of premature deaths by 14%. Reports on the variations in PM2.5-related mortality across different age groups are limited (7, 26). Hence, it is imperative to comprehensively estimate the specific impact of PM2.5-related mortality on different diseases and age groups within specific regions.

Gansu Province, located in the northwest of China, is a typical underdeveloped area. It is situated at the convergence of the Loess Plateau, Qinghai-Tibet Plateau, and Inner Mongolia Plateau, making it prone to sand and dust storms (27) (Figure 1). The region is affected by both human activities and natural sources of particulate pollution. However, the extent of the disease burden caused by PM2.5 pollution in Gansu Province is not clear. To address this knowledge gap, this study aims to assess PM2.5-related mortality and its associated health economic losses in Gansu Province in 2019 using the WRF-Chem air quality model in combination with the optimized GEMM model. Additionally, the study quantifies the specific differences in premature deaths across different diseases, ages, and regions. The ultimate goal is to provide a scientific basis for the development of effective measures to reduce the health impacts of air pollution.


[image: Figure 1]
FIGURE 1
 Geographical location of the study area.




2 Methodology


2.1 Simulations of PM2.5 concentration

The WRF-Chem air quality model was employed to estimate PM2.5 concentrations in Gansu Province for the year 2019. The simulation domain covered the entire Gansu Province and its surrounding provinces, with a horizontal resolution of 20 × 20 km (150 × 100 grids). The meteorological initial conditions were derived from the 6-h National Centers for Environmental Prediction (NCEP) final analysis data, with a spatial resolution of 1° × 1° (28). The initial conditions for atmospheric chemistry were obtained from the Community Atmosphere Model with Chemistry (CAM-Chem) model, with a 6-h interval and a spatial resolution of 1.9° × 2.5° (29). Anthropogenic emissions data was sourced from the Multi-resolution Emission Inventory for China (MEIC) developed by Tsinghua University (30). Biomass burning emissions were derived from the Fire INventory from NCAR (FINN) (31). Biogenic emissions were based on the commonly used Model of Emissions of Gases and Aerosols from Nature (MEGAN) inventory (32). Dust emissions were implemented using the Air Force Weather Agency (AFWA) emission scheme (33). The selected physical and chemical parameterization schemes for the simulation are presented in Table 1.


TABLE 1 Main physical and chemical parameters adopted in the WRF-Chem simulation.

[image: Table 1]

The WRF-Chem model simulation results were evaluated using environmental monitoring data. The daily average PM2.5 concentration data for Gansu Province in 2019 were sourced from the Gansu Provincial Environmental Monitoring Center Station. These data covered 33 national air quality monitoring sites across 14 cities and prefectures. Various evaluation metrics were used, including normalized mean bias (NMB), normalized mean error (NME), mean fractional bias (MFB), mean fractional error (MFE), and the correlation coefficient (R). Overall, the simulation of PM2.5 concentrations in Gansu Province in 2019 showed good performance (34, 35). The NMB, NME, MFB, and MFE values were 0.08, 0.29, 0.04, and 0.20, respectively, and the results of R (0.56) was significant at the 1% level (P < 0.01).



2.2 Calculation of premature mortality

The Global Exposure Mortality Model (GEMM) optimized by Burnett et al. (5) was employed to estimate premature mortality attributable to PM2.5 pollution in adults (aged 25+). The GEMM took into account deaths from non-communicable diseases and lower respiratory infections (NCD+LRI), which are considered as non-accidental deaths. It also considers deaths from five major diseases, namely IHD, stroke, COPD, LC, and LRI, which represent deaths caused by specific diseases. The difference between non-accidental deaths and the sum of deaths from these five specific diseases represents deaths from other diseases. The computation formula used is as follows:
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where the subscripts i and j represent the disease type and age structure (25–29, 30–34, 35–39, 40–44, 45–49, 50–54, 55–59, 60–64, 65–69, 70–74, 75–79 and ≥80 years old), respectively; Mi,j is premature mortality caused by PM2.5 exposure; Pop refers to the exposed population to PM2.5; PSj is the proportion of a specific age group within the exposed population; Bi,j represents the baseline mortality rate; RRi,j is the relative risk; C is the annual average PM2.5 concentration; C0 is the counter-factual concentration below which it is assumed that there is no additional risk (2.4 μg·m−3) (1, 18); θ, α, μ, and ν are fitting parameters for the PM2.5 exposure-response function. The values for θ, α, μ, and ν can be found in the references provided by Burnett et al. (5). Population data was sourced from the Gansu Development Yearbook 2020 (36). Age structure data and baseline mortality rates for each age group come from the China Cause-of-Death Surveillance Dataset 2019 (37), with data from the western region applied to Gansu Province.

Considering the uncertainty of RR in the model, a 95% confidence interval (CI) was calculated using the standard error in the GEMM:

[image: image]

where SE(θi,j) represents the standard deviation of θi,j, with its value referenced in the study by Burnett et al. (5).



2.3 Evaluation of health economic loss

The VSL was used to assess the economic losses resulting from PM2.5-related premature deaths. VSL quantifies the monetary value individuals are willing to pay (WTP) to reduce the death risk and is commonly used in assessing health economic losses related to air pollution (13, 38). The formula is as follows:
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where EBg,t represents the health economic losses in region g (i.e., Gansu Province) in year t attributed to PM2.5. VSLg,t indicates the VSL in Gansu Province in year t. Since specific VSL results for Gansu Province are not available, this study adopts the VSL survey results from existing domestic regions as a reference. The benefit transfer method is employed, adjusting for differences in per capita GDP across different regions and timeframes. The formula is as follows:
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where VSLb represents the VSL of the reference region. For this study, we have selected the latest VSL survey results for Beijing in 2016 conducted by Jin et al. (39), which amount to 5.54 million yuan. GDPg and GDPb represent the per capita GDP of Gansu Province and Beijing in 2016, respectively. η is the income elasticity of VSL, and we have adopted the recommended value of 0.8 from the Organization for Economic Co-operation and Development (OECD) (40). ΔPg is the percentage change in the Consumer Price Index (CPI) in year t for Gansu Province compared to 2016. ΔGg is the percentage change in per capita GDP in year t for Gansu Province compared to 2016. The per capita GDP and CPI for Gansu Province in 2019 are sourced from the Gansu Development Yearbook 2020 (36), while the per capita GDP for Beijing in 2016 come from the China Statistical Yearbook 2017 (41).




3 Results


3.1 PM2.5 pollution characteristics

Based on the WRF-Chem simulation data, the spatial distribution of the annual average PM2.5 concentration in Gansu Province in 2019 is shown in Figure 2. The overall distribution exhibited higher concentrations in the north and lower concentrations in the south. The regions with higher concentrations were mainly located in the Hexi Corridor region and certain parts of the central-eastern region. Specifically, Jiuquan and Jiayuguan recorded the highest population-weighted annual mean PM2.5 concentrations, reaching 41.48 and 40.28 μg·m−3, respectively, exceeding the Chinese Ambient Air Quality Standards (CAAQS) (35 μg·m−3 for Grade II). Qingyang, Wuwei, and Jinchang followed closely, with concentrations ranging between 32.82 and 34.86 μg·m−3. The concentrations in Lanzhou, Pingliang, Baiyin, and Zhangye all exceeded 30 μg·m−3. Gannan registered the lowest concentration at 12.22 μg·m−3. Notably, the vast majority of areas in Gansu Province had an annual average PM2.5 concentration exceeding 15 μg·m−3 for Grade I in CAAQS.


[image: Figure 2]
FIGURE 2
 Exposure levels of PM2.5 in Gansu Province, 2019. (A) Spatial distribution of PM2.5 concentration; (B) cumulative distribution in various levels of PM2.5 concentration.


Using the simulated PM2.5 concentration and population data, we calculated the cumulative distribution of the population under different PM2.5 concentrations for 2019 (Figure 2). It can be observed that in 2019, 86.6% of the population in Gansu Province lived in areas with an annual average PM2.5 concentration below 35 μg·m−3. However, only 2.7% of the population resided in areas where the PM2.5 concentration was smaller than 15 μg·m−3.



3.2 Cause-specific premature mortality

Using the GEMM model, we estimated the mortality burden attributable to PM2.5 pollution in Gansu Province in 2019 (Figure 3). According to the GEMM NCD+LRI model, there were 14,224 (95% CI: 11,716–16,689) non-accidental deaths due to PM2.5 pollution in Gansu Province in 2019, accounting for 8.6% of the total deaths. The numbers of PM2.5-attributed deaths for IHD, stroke, LC, COPD, and LRI were 3,956 (95% CI: 3,608–4,299), 3,244 (95% CI: 1,602–4,807), 2,440 (95% CI: 1,189–3,615), 1,286 (95% CI: 780–1,764), and 853 (95% CI: 445–1,204) respectively, and represented 14.2, 8.4, 11.4, 12.8, and 24.1% of the deaths from the corresponding specific causes. It was evident that around a quarter of LRI deaths were caused by PM2.5 pollution, followed by IHD. Meanwhile, <1/10 of stroke deaths could be attributed to PM2.5. Although LRI deaths were more closely associated with PM2.5 pollution, the absolute number of deaths from LRI was much lower than those from IHD and stroke due to its lower baseline mortality rate.


[image: Figure 3]
FIGURE 3
 The number and proportion of PM2.5-attributed deaths in Gansu Province, 2019.


When examining the proportion of deaths attributable to PM2.5 for different diseases relative to non-accidental deaths (NCD+LRI), the proportion for IHD was the highest at 27.8%, followed by stroke at 22.8%, and the combined percentage of these two diseases accounted for more than 50%. COPD, LC, and LRI constituted 17.2, 9.0, and 6.0%, respectively, while deaths from other diseases made up 17.2%. From this, it can be inferred that the majority of PM2.5-attributed deaths come from IHD and stroke. Moreover, a substantial proportion is due to causes other than these five specific diseases.



3.3 Age-specific premature mortality

Figure 4 present the number and proportion of deaths attributable to PM2.5 pollution by age group in Gansu Province in 2019. It was obvious that there were substantial differences in the number of deaths from various diseases caused by PM2.5 across different age groups. Generally, the number of non-accidental deaths and disease-specific deaths attributable to PM2.5 increased with age. There were 11,615 (95% CI: 9,562–13,633) non-accidental deaths in people aged 60 and above, representing 81.7% of all non-accidental deaths, which was much higher than that of people under 60 years old. Notably, 34.0% of these deaths were reported in the age group of 80 and above.


[image: Figure 4]
FIGURE 4
 PM2.5-attributed deaths by age group in Gansu Province, 2019.


IHD was the primary cause of death burden across all age groups. For those under the age of 80, the number of deaths from stroke exceeded that from COPD, whereas for those aged 80 and above, deaths due to COPD outnumbered those from stroke. The age distribution of IHD and stroke deaths attributable to PM2.5 pollution mirrored the patterns seen with non-accidental deaths. Among those aged 60 and older, the numbers of IHD and stroke deaths were 3,178 (95% CI: 2,896–3,457) and 2,625 (95% CI: 1,292–3,901), respectively, accounting for 80.3 and 80.9% of the total deaths from these diseases across all age groups. For the same age bracket (aged 60+), the numbers of COPD and LRI deaths attributable to PM2.5 were 2,334 (95% CI: 1,137–3,457) and 762 (95% CI: 398–1,075), respectively, representing a staggering 95.6 and 89.3% of the total deaths from these conditions across all ages. Within this, the contribution from those aged 80 and above alone exceeded half, at 51.6 and 57.2%, respectively. For LC deaths attributable to PM2.5 across all age strata, the highest numbers were still among those aged 60 and above, with 1,021 (95% CI: 620–1,400) deaths, constituting 79.4% of all LC deaths. It was worth noting that, unlike other diseases, the proportion of LC deaths was highest in the 60–74 age group (17.9%) and those aged 80 and above (17.6%).



3.4 Region-specific premature mortality

The spatial distribution of non-accidental deaths attributable to PM2.5 pollution in Gansu Province in 2019 is illustrated in Figure 5. Lanzhou, the provincial capital, recorded the highest number of PM2.5-attributed deaths at 2,103 (95% CI: 1,733–2,467), accounting for 15.0% of the total non-accidental deaths in the province. Tianshui followed with 1,757 (95% CI: 1,447–2,062) deaths, making up 12.5% of the provincial total. The cities of Qingyang, Dingxi, Longnan, Pingliang, and Wuwei reported attributed death numbers ranging between 1,000 and 1,500. Jiayuguan, Gannan, and Jinchang, on the other hand, had lower non-accidental death counts, all under 500. It was observed that areas with higher population densities also exhibited higher numbers of non-accidental deaths attributable to PM2.5 pollution. Although the Hexi Corridor region had relatively high PM2.5 concentrations, the lower population density of this area, especially in Jiayuguan and Jinchang, resulted in significantly fewer PM2.5-attributed deaths compared to other regions.


[image: Figure 5]
FIGURE 5
 Spatial distribution of PM2.5-attributed deaths in Gansu Province, 2019.




3.5 Health economic loss

Based on the assessment of deaths attributable to PM2.5, the health economic loss associated with PM2.5-attributed mortality in Gansu Province was estimated using the VSL method, as depicted in Figure 6. In 2019, the health economic loss caused by PM2.5 in Gansu Province amounted to 28.66 (95% CI: 23.61–33.63) billion yuan, accounting for 3.3% of the region's GDP. The combined health economic losses for the five diseases were calculated to be 23.74 (95% CI: 15.36–31.61) billion yuan.
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FIGURE 6
 Health economic loss attributable to PM2.5 pollution in Gansu Province in 2019.


For the various regions (Figure 7), Lanzhou experienced the highest health economic loss, totaling 8.10 (95% CI: 6.67–9.50) billion yuan, contributing 29.0% to the overall health economic loss in Gansu Province. This was followed by Qingyang, Tianshui, and Jiuquan, whose combined contributions accounted for 27.2% of the total health economic loss in the province. Gannan reported the lowest health economic loss at 0.31 (95% CI: 0.25–0.37) billion yuan. The per capita health economic losses caused by PM2.5 across various regions in Gansu Province ranged from 428 to 2,575 yuan. Jiayuguan recorded the highest per capita health economic loss, reaching 2,575 yuan. Jiuquan and Lanzhou followed closely with per capita losses of 2,190 and 2,135 yuan, respectively, while Jinchang also experienced a relatively high per capita loss of 1,796 yuan. Meanwhile, the ratio of per capita health economic loss to per capita GDP revealed that Jiuquan, Tianshui, Wuwei, and Baiyin had notably high proportions. Conversely, although Jiayuguan and Jinchang had elevated per capita health economic losses, their ratios in relation to per capita GDP were lower. Moreover, Gannan exhibited the lowest figures both in terms of per capita health economic loss and its proportion to per capita GDP.
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FIGURE 7
 Health economic losses attributable to PM2.5 pollution in Gansu Province in 2019. (A) Spatial distribution of health economic losses; (B) per capita health economic losses and the proportion of per capita GDP.





4 Discussion

The spatial distribution of PM2.5 concentrations in Gansu Province varied significantly due to the differences in sources and emission levels of air pollutants. The Hexi region, situated in the western dust corridor of China, was severely influenced by the Tengger Desert, Badain Jaran Desert, and Kumtag Desert (42). Sandstorms had the most effect on Jiuquan and Jiayuguan, located in the westernmost part of Gansu Province (27). In the central and eastern regions of Gansu Province, cities like Lanzhou, Qingyang, Pingliang, and Baiyin had higher air pollutant emissions from anthropogenic sources such as industry and transportation. Conversely, in the southern areas, Gannan and Longnan relied more on green industries like eco-tourism and agricultural product processing, resulting in lower total air pollutant emissions (43). In conclusion, the PM2.5 concentration in Gansu Province was influenced by both natural and anthropogenic sources. Therefore, it is crucial for Gansu Province, located in the northwest of China, to consider the multiple sources of PM2.5 and implement region-specific measures to address PM2.5 pollution.

The study results showed the number of cardiovascular diseases (IHD and stroke: 7,200 individuals) deaths attributable to PM2.5 pollution in Gansu Province was higher than respiratory diseases (COPD, LC, and LRI: 4,579 individuals) deaths. This finding is consistent with previous research conducted in other regions of China (16, 26, 44). The higher number of premature cardiovascular deaths can be attributed to the generally high baseline mortality rate from cardiovascular diseases (45). In a study conducted in 2019, it was also found that IHD and stroke were the primary causes of PM2.5-attributed mortality in China (25). However, the proportion of COPD and LRI-related deaths (15.8%) was lower compared to ours (23.2%), possibly due to higher baseline mortality rates for these diseases in western China. According to the China Cause-of-Death Surveillance Dataset 2019 (37), the baseline mortality rates for COPD and LRI in western China were notably higher than in the central and eastern regions. Some studies have also observed that while PM2.5-attributed deaths from respiratory diseases have been decreasing, deaths from cardiovascular diseases (especially IHD) have been increasing (17). This trend is expected to continue with the rise of unhealthy lifestyles and an aging population. Therefore, in addition to reducing PM2.5 pollution levels, it is important to focus on improving healthcare and promoting healthier lifestyles to lower the baseline mortality rate of cardiovascular diseases and reduce the number of PM2.5-related deaths from such conditions in the future.

Considering the variations in total population among different age groups, this study further calculated the PM2.5-attributed mortality rate to better compare the premature deaths caused by PM2.5 pollution in different age categories (Figure 8). It was evident that the PM2.5-attributed mortality rate showed substantial disparities among different age groups, with a noticeable increase in older age groups. The non-accidental mortality attributable to PM2.5 reached 960 per 100,000 individuals in the population aged 80 and above. This finding is consistent with previous studies (46), indicating that older adults are more susceptible to the adverse effects of air pollution due to their elevated baseline mortality rate (16). Therefore, it is essential to consider the impacts of air pollution on different age groups and diseases and implement proactive and effective measures to shield older adults and enhance their overall health. Additionally, given the projected increase in the aging population in the future (47), it is imperative to estimate the influence of age structure on mortality attributed to air pollution in order to accurately understand the health effects on the population.
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FIGURE 8
 PM2.5-attributed mortality rates for different age groups in Gansu Province, 2019.


Premature deaths attributable to PM2.5 varied significantly across different regions, with the number of deaths being mainly influenced by PM2.5 concentration and population density when using a consistent baseline mortality rate. Lanzhou, a provincial capital, had a higher number of PM2.5-attributed deaths compared to other regions. This can be attributed to the combination of sandstorms from the Hexi Corridor and surrounding areas, rapid economic growth, heavy industries, and transportation development in Lanzhou. As a result, Lanzhou has elevated PM2.5 concentrations and the highest population density, leading to significant health implications. Research by Guan et al. (48) revealed that air pollution-related health impacts in regional hub cities contribute significantly to the overall health burden within the province, especially in central and western China. Although Jiayuguan, an industrially advanced city, has higher PM2.5 concentrations, its unique population distribution with low population density results in a lower health impact. The distribution of PM2.5-related health economic losses in different regions shows similarities, but there are still some disparities. These variations primarily stem from health economic losses being dependent on the level of attributable deaths and health costs, denoted as the value of VSL, which is influenced by the local level of economic development (13, 49). Even if the per capita health economic loss is relatively low, it can still represent a higher proportion of the per capita GDP. In other words, the economic burden caused by air pollution can be considerable.

Despite the important findings outlined above, there are still significant uncertainties and limitations in estimating the disease burden attributable to PM2.5 pollution. First, different means of measuring PM2.5 may affect the concentration data. Simulation results with the WRF-Chem model faced uncertainties from emission inventories and simulations of chemical-physical processes. We adopted anthropogenic emission data from MEIC, which has been widely used in air quality simulation. Meanwhile, the reliability of the WRF-Chem model simulation was evaluated using common evaluation metrics. Second, the exposure-response relationship between PM2.5 and health outcomes was also a major source of uncertainty (44). Previous studies mainly utilized the IER model, which only incorporated cohort study data from European and American regions, potentially underestimating the health burden in areas with higher PM2.5 concentrations. In contrast, the GEMM model considered higher air pollution levels and included the results of a cohort study in China, estimating a 120% larger mortality burden than the IER model (5). Therefore, it may be more appropriate to use exposure-response models based on specific Chinese cohort studies, although the accuracy of the GEMM model requires further scientific validation (26, 50). Third, the exposure-response model assumes that the toxicity of ambient PM2.5 is only influenced by concentrations, but the health effects of PM2.5 from different chemical components or different sources may vary greatly (38). This is particularly important in Gansu Province, which has complex PM2.5 emission sources and lacks relative risk functions for specific sources. Fourth, due to more elaborate data limitations, this study used baseline mortality rates and age structure from western China for Gansu Province, and did not consider their spatial variability across the study region, which may have introduced some discrepancies in the estimated results. Fifth, the VSL played a key role but also caused uncertainties when assessing health economic losses. The VSL estimates from developed countries could not be applied to China due to differences in socio-economic characteristics and air pollution levels. There are relatively few studies on VSL conducted in China (39, 51–53). However, owing to differences in the timing of willingness-to-pay surveys and economic development levels, the values of VSL were considerable uncertainties, leading to significant variations in the estimated health economic losses. In view of the rising income level in China in recent years and the increasing public awareness of air pollution, the results of the more recent VSL survey were used in our study.



5 Conclusion

This study utilized simulated PM2.5 concentration data and an exposure-response model to investigate the impact of PM2.5 pollution on premature deaths and health economic losses in Gansu Province. The results indicated that there were 14,224 non-accidental deaths attributed to PM2.5 pollution in 2019, with the majority caused by IHD and stroke. Older adults (aged 60+) were more affected by PM2.5 pollution than those under 60 years old. The distribution of deaths varied spatially, with high concentrations in densely populated areas like Lanzhou and Tianshui. The health economic losses due to PM2.5 pollution accounted for 3.3% of the annual GDP, with Lanzhou contributing the most. Jiayuguan, Jiuquan, and Lanzhou had higher per capita health economic losses. In conclusion, there are significant differences in the diseases, age groups, and regional distribution of disease burden attributable to PM2.5 in Gansu Province. It is recommended to implement region-specific measures to address PM2.5 pollution and improve the health of older adults to prevent more deaths and economic losses.
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Introduction: Atmospheric pollution is a severe problem confronting the world today, endangering not only natural ecosystem equilibrium but also human life and health. As a result, governments have enacted environmental regulations to minimize pollutant emissions, enhance air quality and protect public health. In this setting, it is critical to explore the health implications of environmental regulation.

Methods: Based on city panel data from 2009 to 2020, the influence of environmental regulatory intensity on health risks in China is examined in this study.

Results: It is discovered that enhanced environmental regulation significantly reduces health risks in cities, with each 1-unit increase in the degree of environmental regulation lowering the total number of local premature deaths from stroke, ischemic heart disease, and lung cancer by approximately 15.4%, a finding that remains true after multiple robustness tests. Furthermore, advances in science and technology are shown to boost the health benefits from environmental regulation. We also discover that inland cities, southern cities, and non-low-carbon pilot cities benefit more from environmental regulation.

Discussion: The results of this research can serve as a theoretical and empirical foundation for comprehending the social welfare consequences of environmental regulation and for guiding environmental regulation decision-making.
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 environmental regulation, integrated exposure-response model, health risk, two-way fixed effects model, PM2.5


1 Introduction

China has implemented a development strategy dominated by heavy industry since the initiation of reform and opening. This strategy has contributed to rapid economic expansion but has also been accompanied by several challenges. Particularly the large amount of pollutants emitted by industrial activities seriously harmed air quality and risked people’s health and well-being (1, 2). According to the Report on the State of the Ecology and Environment in China 2020, 135 of China’s 337 cities had substandard air quality in 2020, with these numbers accounting for 40% of the total number of cities. Such poor environmental conditions have caused economic losses in China ranging from 8 to 15% of GDP and have jeopardized people’s health rights and interests. Residents’ long-term exposure to high levels of fine particulate matter (PM2.5) has been found to increase the incidence of stroke, ischemic heart disease, and lung cancer in epidemiological studies (3–5). As a result, the conflict between air pollution and residents’ health is becoming increasingly visible, and it has become a practical concern that cannot be disregarded in China’s growth. Additionally, enhancing environmental governance to alleviate air pollution has emerged as a widely shared concern. Consequently, the Chinese government has introduced several regulations and practices to control and supervise the pollution-emitting behaviors of enterprises and individuals to alleviate the air pollution issue. For example, the Law on the Prevention and Control of Atmospheric Pollution was enacted by the Chinese government in 1987 to provide a legal basis for environmental regulation (6), followed by the Cleaner Production Promotion Law in 2003 to enhance the environmental friendliness of industrial production (7). In 2006, the Chinese government broke down the emission reduction targets for the provincial administrative regions, achieving the shift from concentration control to total pollutant amount control. As a result, environmental regulation transitioned from “soft constraints” to “hard constraints” (8), with the adoption of administrative orders or government performance assessment.

The concept of “regulation” was introduced by the American economist Kahn in his book The Economics of Regulation: Principles and Institutions (9), where he defined it as an institutional arrangement that substitutes government directives for market competition to achieve good economic performance. With the growing environmental problems resulting from the crude economic model, environmental regulation has become a significant branch of regulatory economics (10). Environmental regulation refers to the government’s direct or indirect control and management of pollution sources to improve the quality of the ecological environment (11). The intensity of environmental regulation is often indirectly measured by some alternative indicators, such as industrial emissions (12), pollution control investment (13), and operating costs (14). These indicators have facilitated research on environmental regulation in the area of air pollution.

The function of environmental regulation in decreasing pollution has been well supported by evidence, and various viewpoints and levels have been adopted to examine the influence of environmental regulations and policies on pollution emissions in China. For example, Du and Li (15), Feng et al. (16), and Zhang et al. (17) analyzed the emissions of CO2 and PM2.5 from industrial businesses, cities, and regions, respectively, and discovered that environmental regulations can effectively lower these pollutants, especially in the eastern, central, and northeastern areas. Yu et al. (18) assessed the impact of the Air Pollution Prevention and Control Action Plan on the emissions of PM2.5 and SO2 from Chinese cities, and the results indicated that these policies can significantly improve air quality. Using a time-varying difference-in-difference (DID) model, Liu et al. (19) demonstrated that China’s low-carbon city pilot policy effectively reduced CO2 emissions in the pilot cities, but the effects varied across regions and administrative levels. Hu et al. (20) found that environmental protection taxes can significantly reduce air pollutants such as PM2.5, SO2, NOx, and CO in areas with large economic and industrial sectors with high emission intensities in the short term, as well as offering substantial co-benefits in global climate change mitigation. Meanwhile, the health benefits of environmental regulation have attracted scholarly attention as regulatory intensity has increased. The majority of the researchers argue that environmental regulation reduces health risks and mortality rates. For instance, a study conducted in China revealed that the infant mortality rates in the “two control zones” with stringent environmental regulation declined by 20% compared to other zones (21). Similarly, a study in the United States demonstrated that the shutdown of coal-fired power plants significantly decreased the percentage of low-birth-weight and preterm infants by 15 and 28 percent, respectively, in the downwind states (22). Employing the difference-in-differences (DID) model, Xu et al. (23) examined the impact of the Eleventh Five-Year Plan’s environmental regulations on human health, discovering that environmental regulations reduce the risk of injury or illness among adults by 9.2 percent, with this effect being more pronounced among males, rural residents, and low-income households. Zhou et al. (24) also demonstrated that more stringent environmental regulations for businesses benefit public health. Similarly, Zhang et al. (25) examined the influence of atmospheric environmental policy on public health, demonstrating that it decreases the intensity of soot emissions and mitigates the detrimental health effects of air pollution. However, other research has implied that there is a critical value between environmental regulation and public health rather than a simple linear link: if the critical value is exceeded, environmental regulation may lead to negative economic and social consequences, such as lowering economic growth, increasing unemployment and poverty, widening the urban–rural income gap, and undermining economic efficiency, all of which have an indirect negative impact on population health (26).

Although, as mentioned earlier, studies have been conducted to examine the influence of environmental regulation on health, they are still limited and are still at the exploratory stage, with few studies probing the underlying mechanisms. Additionally, the impact of regional heterogeneity factors, such as geographic location and environmental patterns, on the health benefits of environmental regulation has tended to be overlooked in previous studies. For example, cities in different geographical locations may suffer from different levels and types of air pollution problems, necessitating different intensities and forms of environmental regulatory policies; similarly, cities with diverse environmental patterns may have varying levels of air quality and environmental governance. These characteristics of regional heterogeneity may affect the applicability and effectiveness of environmental regulation, leading to different health benefits. For this reason, by utilizing data on stroke (STK), ischemic heart disease (IHD), and lung cancer (LC) as the health endpoints for PM2.5 health risk assessment, this study explores the effect of environmental regulation on health risk through a two-way fixed effects model. Next, the moderating role of technological innovation in the health benefits of environmental regulation is explored. Moreover, we investigate the implications of city heterogeneity characteristics on the health advantages of environmental regulation by analyzing factors based on regional location and environmental differences. The findings of this study can provide useful scientific evidence and an important frame of reference for the formulation of more strategic and sound environmental regulatory policies and for the enhancement of the health benefits stemming from environmental regulation. This study thus has both theoretical and practical relevance.

The rest of this paper is structured as follows: The study area of the research is presented in Section 2. Section 3 discusses the data sources, variable selection, and model development. Section 4 reports the results of the benchmark regression, instrumental variable model, robustness, mechanism effects, and heterogeneity analyses, as well as their interpretation and analysis. Section 5 summarizes the findings, and policy recommendations are presented therein.



2 Materials and methods


2.1 Study area

There are 279 cities in mainland China included in the study area, and the study duration spans the years 2009–2020. Figure 1 depicts the study area’s spatial distribution, with (a) the PM2.5 concentration levels in each Chinese city and (b) the number of premature deaths from the three diseases of STK, IHD, and LC estimated by the integrated exposure-response model.

[image: Figure 1]

FIGURE 1
 The spatial distribution in China for PM2.5 concentrations (A) and the number of premature deaths (estimated by the integrated exposure-response model) from STK, IHD, and LC (B).




2.2 Data and variable selections


2.2.1 Explained variable

In this paper, three common attributable deaths from circulatory and respiratory diseases were chosen as health endpoints, e.g., stroke (STK, International Classification of Diseases Revision 10 code/ICD-10: 160–169), ischemic heart disease (IHD, ICD-10: 120–125), and lung cancer (LC, ICD-10: C33–C34). According to Dai et al. (27) and Burnett et al. (28), the relative mortality risk of these three health endpoints due to PM2.5 exposure was calculated using the integrated exposure-response (IER) model (Equations 1–3), and the corresponding number of premature deaths was estimated and used as the explanatory variables in this study. The specific algorithm is as follows:

Step 1: Calculation of relative mortality risk

[image: image]

The relative health risk of PM2.5-producing disease [image: image]([image: image]=1, 2, 3) at concentration [image: image] is denoted by [image: image].[image: image] indicates the health effect threshold; when the PM2.5 concentration is below [image: image], there is no negative health effect and [image: image]=1; however, when the concentration crosses the threshold, the relative risk increases with increasing concentration, with [image: image]. The values of the parameters in Equation (1) are shown in Table 1 and are based on the research of Lee et al. (29).



TABLE 1 Coefficients in model [Equation (1)].
[image: Table1]

Step 2: Estimation of the number of premature deaths.

[image: image]

[image: image]

where [image: image] denotes the premature deaths from disease [image: image] induced by outdoor PM2.5 exposure, [image: image] indicates the total number of premature deaths from STK, IHD, and LC, P is the number of people exposed to a given pollution concentration, and [image: image] refers to the baseline mortality rate for each disease for the year.

The PM2.5 concentration data employed in this paper were obtained from the China High Air Pollutants (CHAP) database1 (30, 31) and were collected using satellite remote sensing and machine learning technologies at high temporal and spatial resolutions of 1 day and 1 kilometer, respectively. The baseline mortality rate was derived from the National Bureau of Statistics of China data, with mortality rates for various disease categories being counted in both urban and rural areas. For this reason, the population-wide baseline mortality rates for each disease from 2009 to 2020 were calculated by employing the statistical ratios of the urban and rural populations to the total population as weights (32). The [image: image] was logarithmized in this study to eliminate the disturbance of heteroskedasticity. The descriptive statistics for the selected variables in the model are displayed in Table 2. During the period 2009–2020, the average number of premature deaths from the three diseases that were induced by outdoor PM2.5 exposure in China was 50,004, with a maximum value of 413,864. These numbers indicates that air pollution and related health risks are still quite serious in China.



TABLE 2 The results of descriptive statistics.
[image: Table2]



2.2.2 Explanatory variable

Environmental regulation intensity (ER) is the explanatory variable in this research. Three indicators reflecting the level of environmental protection were chosen to capture the environmental regulation intensity of different cities (33), e.g., the comprehensive utilization rate of industrial solid waste, the centralized sewage treatment rate, and the rate of harmless treatment of domestic garbage (34). Specifically, the comprehensive utilization rate of industrial solid waste is calculated as the ratio of the comprehensively utilized industrial solid waste to the sum of the generated industrial solid waste and the comprehensively utilized storage in previous years. The rate of centralized sewage treatment is determined as the ratio of the wastewater discharged that uses centralized wastewater treatment to the total wastewater discharged. The rate of harmless treatment of domestic waste is stated as the ratio of the domestic garbage that is harmlessly disposed of to the domestic garbage created.

The entropy weighting technique, a method that can eliminate the involvement of subjective factors, was employed to identify the weights of each indicator. Then, the indicators were multiplied by their corresponding weights after normalization, and the resulting composite environmental regulatory intensity index was calculated. This composite index can reflect the degree of importance attached to environmental problems and the effectiveness of response measures in different regions. Namely, the higher the index value is, the greater the environmental regulation intensity and the importance attached to environmental protection. Data for the environmental regulation intensity are gathered from the China City Statistical Yearbook.



2.2.3 Control variable

In this research, control variables for both socioeconomic factors and natural elements are incorporated into the empirical analysis. Control variables for socioeconomic characteristics include real GDP per capita (RGDP), population density (PD), tertiary industry value added as a share of GDP (TIV), financial self-sufficiency rate (FSR), and number of hospitals and health centers (NH) (35, 36), with these variables being based on data from the China Urban Statistical Yearbook (CUSY). For natural components, the control variables include annual radiation (AR), annual normalized difference vegetation index (AN), annual precipitation (AP), and annual temperature (AT) (37, 38), with data gathered from the European Center for Medium-Range Weather Forecasts (ECMWF) ERA5 dataset (39). The variables are addressed in light of previous studies as follows: Real GDP per capita is calculated with deflator-adjusted GDP per capita (i.e., the ratio of nominal GDP to real GDP), thus eliminating the effect of the inflation factor (40). The fiscal self-sufficiency rate is expressed in terms of the proportion of local budget revenues to expenditures (41). The missing data are filled in by interpolation. Logarithmic transformation is used for processing non-ratio-type data to limit heteroskedasticity and ensure the uniformity of variables in the order of magnitude. Following the aforementioned processing, this study compiles a robust collection of fundamental data for empirical investigation.



2.2.4 Mechanism variable

The degree of science and technology is incorporated into the study framework to investigate the potential factors that influence the health advantages of environmental regulation. Specifically, the level of scientific and technological development (TE), expressed as the ratio of fiscal expenditure for science to fiscal revenue (42), reflects a region’s capacity for scientific and technological innovation as well as the degree of scientific and technological support for environmental governance, with higher ratios suggesting higher investment in scientific and technological development and a greater contribution of science and technology to environmental governance. The information for this variable was obtained from the China Urban Statistical Yearbook.




2.3 Methodology


2.3.1 Benchmark regression model

In this research, a two-way fixed effects model is constructed to evaluate the health implications of environmental regulation, with the particular model established as follows:

[image: image]

where [image: image] denotes the total number of STK, IHD, and LC premature deaths induced by outdoor PM2.5 exposure in city [image: image] in year [image: image]. [image: image] is the environmental regulation intensity index in city [image: image] in year [image: image]. [image: image] represents the set of control variables. The city-and time-fixed effects are denoted by [image: image] and [image: image], respectively, and the random error term is denoted by [image: image]. The coefficient [image: image] is the focus of this research, responding to the implications of environmental regulation on health risk (number of premature deaths). Additionally, the flowchart of the empirical exploration for this study is depicted in Figure 2.

[image: Figure 2]

FIGURE 2
 The overall process structure of the empirical model.




2.3.2 Mechanism analysis

To examine the role of science and technology as a mechanism variable, we integrated the interaction term between science and technology level (TE) and the environmental regulation intensity index (ER) in the analytical model and developed Equation (5) for regression:

[image: image]

where [image: image] represents the mechanism variable, i.e., the level of science and technology, and the remaining variables are identical to those in Equation (4). The statistical significance of the coefficient [image: image] was examined to evaluate the influence of science and technology on the health outcomes of environmental regulation. As a result, the significance of TE as a moderating variable will be captured here.





3 Results and discussion


3.1 Results of descriptive analysis

As shown in Figure 1, areas of heavy PM2.5 pollution and areas of high premature deaths have a high level of spatial overlap, primarily in economically developed areas such as the North China Plain and the Yangtze River Delta. Notably, the higher the PM2.5 concentration is, the greater the number of premature deaths, with a clear positive correlation between the two.



3.2 Overall effect

Table 3 illustrates the impact of environmental regulations on health risk. Column (1) adjusts for city-and time-fixed effects. Column (2) incorporates control variables for economic and social aspects. Column (3) adds extra control variables for natural factors. It can be seen that the ER coefficients are negative and statistically significant (p < 0.05) in all models (Columns 1–3), demonstrating that increased environmental regulation intensity effectively decreases health risks. In particular, the coefficient of ER is-0.154 (p < 0.05) in the most refined model (Column 3), and there is no substantial variations in the size or significance level of the coefficient when this model is compared to the other two models, indicating that the results showing the adverse impact of environmental regulation on health risk are robust. The increased intensity of environmental regulation has raised the environmental awareness and behavior of enterprises and residents. This encourages them to adopt more energy-efficient and emission-reducing production methods as well as more environmentally friendly lifestyles, thus lowering the level of industrial pollutant emissions and pollution from anthropogenic activities (43, 44); furthermore, it has also facilitated the development and application of green technologies, such as clean energy (45), resulting in lower energy consumption. All these factors contribute to lower air pollutants such as PM2.5, improving air quality, and reducing the risk of disease and death.



TABLE 3 The results of the baseline regression.
[image: Table3]

Moreover, there are some noticeable outcomes from the control variables. Population density and the number of hospitals and health centers are both positively associated with health risks, with coefficients of 0.364 (p < 0.05) and 0.041 (p < 0.01), respectively. In contrast, the value added for tertiary industry as a proportion of GDP was adversely associated with health risk, with a coefficient of −0.001 (p < 0.05). This is because human activities unavoidably degrade the environment as the population density of a city rises, which in turn leads to an increase in the risk of disease for residents (46). The number of hospitals and health centers in a city reflects the level of medical resources and the capacity of public health services; however, there is a positive correlation between the number of hospitals and health risks, which may indicate that there is a high demand for medical services among the population, but the distribution of urban health care resources is unbalanced, which leads to a poorer health in some areas or populations. In addition, the service-led tertiary industry is less damaging to the environment than the secondary industry, and the higher the proportion of the tertiary industry’s value added in GDP, the more it indicates that the industrial structure has been optimized and industrial pollution emissions have been relatively reduced, resulting in a reduction in health risks. For natural factors, there is a promotive association between annual temperature and health risk with a coefficient of 4.922 (p < 0.01). Annual normalized difference vegetation index (NDVI), in contrast, was shown to be adversely connected with health risk with a coefficient of-0.722 (p < 0.01). The reason for this is that a higher NDVI indicates greater vegetation cover, which can capture and immobilize atmospheric particles such as PM2.5 and PM10 via structures such as sticky substances and capillaries on the surface of leaves, reducing the concentration of these particles in the air and thus effectively lowering the human health risk caused by outdoor PM2.5 pollution (47).



3.3 Robustness check


3.3.1 Endogenous treatment

The composite index of environmental regulation lagged by one period is employed as an instrumental variable for two-stage least squares (2SLS) estimation to address the potential endogeneity due to missing variables. This model has an F value of 385.88 in the first-stage regression, which is higher than 10 and passes the significance test at the 1% level, demonstrating that there is no issue of a weak instrumental variable (48). Additionally, the estimation results of the second stage are shown in Column (1) of Table 4. These results reveal that environmental regulation exerts a significant negative influence on health risk, and that the total number of premature deaths in STK, IHD, and LC caused by outdoor PM2.5 pollution will be reduced by 14.7% with a 1-unit increase in the level of environmental regulation, suggesting that, after accounting for probable endogeneity, the dampening consequence of increasing the intensity of environmental regulation on health risks remains significant, which is aligned with the findings of the preceding analysis.



TABLE 4 The results of the robustness test.
[image: Table4]



3.3.2 Replacement of explanatory variable measures

The entropy weight technique is employed in the baseline regression model to obtain a composite index of environmental regulation intensity. To confirm the validity of the estimates, the environmental regulation composite index (ER1) is also calculated using the equal-weight approach and replaces the original explanatory variables with it to conduct another regression analysis. The regression results after replacing the explanatory variable measurement method are available in Column (2) of Table 4. The coefficient of ER1 is-0.154 (p < 0.05), demonstrating that the effect of the environmental regulation composite index on health risk, whether calculated by entropy or equal weighting, is negative and significant with a similar coefficient magnitude, thus confirming the robustness of the baseline regression outcomes of this study.



3.3.3 Excluding data from four municipalities

Given the large differences in administrative levels and socioeconomic development environments between the four municipalities (Beijing, Chongqing, Shanghai, and Tianjin) and other cities, these four municipalities are separated from the full sample in this study and then the regression analyses are carried out again to exclude the possible influence of these factors on the benchmark regression findings (49). Column (3) of Table 4 displays the regression results after removing the data from the four municipalities. Notably, these results are not appreciably distinct from the results of the baseline regression, with the coefficient of ER being-0.155 (p < 0.05), confirming that the core findings of the research are reliable.



3.3.4 Excluding the interference of outliers

This study winsorizes the extreme values of continuous variables to weaken the impact of outliers on the empirical analysis by replacing the values at the 1 and 99% quartiles with the corresponding truncated values, which preserves the majority of the distributional characteristics of the data and eliminates the interference of outliers. The findings of the second regression analysis are provided in Column (4) of Table 4. The parameter estimates and significance levels do not change substantially from the baseline regression findings, with the coefficient of ER on health risk being −0.208 (p < 0.01), confirming the validity of the baseline regression results.



3.3.5 Excluding the interference of the COVID-19 pandemic

The COVID-19 pandemic has posed a global public health emergency with far-reaching economic, social, and environmental impacts for all countries. During the COVID-19 outbreak, China adopted a sequestration strategy, which led to changes in PM2.5 concentrations. Concurrently, respiratory infection mortality increased surged. These factors influenced the health risk index we computed and confounded the results of the general analysis for the health benefits of environmental regulation. Therefore, to eliminate the potential influence of the COVID-19 pandemic on the empirical findings of this study, the observations for the years 2019–2020 were eliminated from the sample, and then a regression analysis was performed. As indicated in Column (5) of Table 4, with a coefficient of −0.123, ER is statistically significant at the 10% level, implying that an increase in the intensity of environmental regulation still significantly decreases health risks after controlling for potential data bias introduced by the COVID-19 pandemic.




3.4 Moderating effect of science and technology

According to the research findings, increasing the intensity of environmental regulation has a significant impact on lowering premature deaths due to the effect on PM2.5 and minimizing health risks. Based on this, with empirical evidence and theoretical modeling, the moderating role of science and technology in the relationship between environmental regulation and health risk will be examined in this section.

The regression results of the moderated effects model are displayed in Table 5. Specifically, the coefficient of the interaction term between the level of scientific and technological development and the intensity of environmental regulation is −8.723 with a statistically significant level of 10%, indicating that scientific and technological advancement enhances the health risk reduction effect of environmental regulation. A higher proportion of fiscal expenditure on scientific activities to fiscal revenue indicates that the area values scientific and technological innovation and is more capable of offering technical assistance and solutions for environmental preservation (50). Specifically, by promoting major technological innovations and transformative applications such as ecological product design, cleaner production processes, utilization of industrial linkages, and coordinated regional waste disposal and utilization, the advancement of science and technology facilitates the reduction of pollutants at the source and supports the efficient recycling and utilization of resources at multiple levels (51). In addition, real-time monitoring and analysis of air quality, pollution sources, and emissions can be achieved using scientific and technological means such as digital techniques, remote sensing techniques, and artificial intelligence, which provide data support for the formulation of scientific and reasonable environmental standards and policies and improve the accuracy and effectiveness of environmental regulation (52, 53). Additionally, these methods contribute to the early identification and punishment of unlawful emissions, thus strengthening environmental regulation, enforcement, and supervision (54). All these factors add to the mitigating effect of environmental regulation on health risks.



TABLE 5 Results of the moderating effect.
[image: Table5]



3.5 Heterogeneity analysis


3.5.1 Impacts of environmental regulation by region: coastal and inland cities

There are considerable disparities between coastal and inland cities in China in terms of economic structure, resource endowment, and degree of openness. These disparities potentially lead to varied feedback and adaptation in the face of environmental pressures (55, 56). For this reason, the sample cities in this research are divided into two groups based on whether they are coastal or inland cities, with group regressions used for comparative analyses, thus revealing the disparities between coastal and inland cities in terms of environmental regulation and health risks. Figure 3A illustrates the spatial distribution features of Chinese coastal and inland cities, and it is evident that coastal cities are mostly found in the eastern and southeastern regions of China.

[image: Figure 3]

FIGURE 3
 Spatial distribution by different characteristics. Northern and Southern cities (A), coastal and inland cities (B), low-carbon pilot and non-pilot cities (C).


Columns (1) and (2) of Table 6 display the effect of environmental regulation on health risk in inland and coastal cities, respectively. In particular, environmental regulation significantly decreases health risks in inland cities with a coefficient of-0.181 (p < 0.05), while the effect for coastal cities is not pronounced (p > 0.1). This is related to the special geographical environment and economic structure of coastal cities (57). First, the industrial structure of coastal cities is more diversified, covering a variety of high-energy-consuming and high-emission industries, such as iron and steel, chemical industry, and paper manufacturing. Secondly, well-developed transportation in coastal cities has also boosted pollution sources such as vehicle exhaust and ship emissions. Thirdly, complex meteorological conditions, such as sea breeze, sea fog, typhoons, also make air management in coastal cities difficult. These factors can affect the diffusion and removal of air pollutants, thus impeding the improvement of air quality. At the same time, inland cities have higher pollutant emissions with worse fine particle contamination than coastal cities (58), making the effects of environmental regulation more pronounced in inland cities in terms of lowering pollutant emissions, including PM2.5, and thereby mitigating health concerns.



TABLE 6 Results of the heterogeneity analysis.
[image: Table6]



3.5.2 Impacts of environmental regulation by region: northern and southern cities

There are nonnegligible differences in climate, environment, and lifestyle between cities in southern and northern China. Northern cities, for example, burn large amounts of coal for heating in the winter, which produces harmful gasses in the combustion process, leading to increased air pollution and smog (59), whereas cities in the south have warmer temperatures in the winter without the need for heating but still face problems such as high humidity and poor air quality (60). In light of this, we investigated the disparities in the influence of environmental regulations on health risks in southern and northern cities. Figure 3B depicts the geographical arrangement of southern and northern cities, with the Qinling-Huaihe River serving as the dividing line.

Table 6 shows the influence of environmental regulation on health risk in southern and northern cities. Columns (3) and (4) show that the higher the intensity of environmental regulation is, the lower the health risk in southern cities, with a statistically significant coefficient of −0.209 (p < 0.05), although this impact is not significant (p > 0.1) in northern cities. The explanation for this discrepancy may lie in the substantial heating demand in northern cities during the winter, which leads to a multitude of dispersed pollution sources that are challenging to manage and mitigate effectively. Despite enormous expenditure, the government’s environmental regulatory efforts have failed to produce the expected environmental return on winter air pollution in northern cities due to factors such as over-reliance on government and local financial resources in the treatment process (38). In contrast, southern cities predominantly witness a concentration of pollutants within sectors such as industry and transportation (61), which are subject to more stringent environmental regulations, and as a result, these regulations have greater efficacy in reducing health-related risks.



3.5.3 Impacts of environmental regulation by environmental characteristics

An arrangement for the environmental regulation of low-carbon pilot cities has been introduced in China to encourage low-carbon urban development and social reforms. This arrangement facilitates the achievement of climate goals. The implementation of the low-carbon pilot city policy has, however, led to variations in levels of pollution and environmental protection between pilot and nonpilot cities, implying that the health implications of environmental regulation may vary by city. Consequently, the sample cities in this study are separated into two categories, low-carbon pilot cities and nonpilot cities, for further examination. The spatial arrangement of low-carbon pilot and nonpilot cities is depicted in Figure 3C. As is evident from the geographical distribution, the pioneering low-carbon pilot cities have been strategically selected across several diverse provinces, encompassing both the coastal and inland areas, as well as four municipalities, covering most of the geographical area of China.

In Table 6, Columns (5) and (6) present regression results for non-low-carbon pilot cities and pilot cities, respectively. Notably, environmental regulation demonstrates a robust alleviating impact on health risk in non-low-carbon pilot cities, indicated by a coefficient of-0.228 at a significant level (p < 0.1). However, in the realm of low-carbon cities, the influence of environmental regulation fails to attain statistical significance. This divergence suggests that the health advantages of stringent environmental regulation are less pronounced in low-carbon pilot cities. To understand this phenomenon, one must consider the transformation of air quality. Low-carbon pilot cities have undeniably made great strides in enhancing their air quality through the proactive implementation of the low-carbon pilot program (62). As a result, the once-pervasive air pollution concerns have been noticeably mitigated, gradually fading into the now cleaner skies of these environmentally conscious cities. In contrast, non-low-carbon pilot cities still wrestle with the pressing issue of air pollution, making increased regulatory intensity more beneficial for them.





4 Discussion

Atmospheric pollution is a serious global concern, posing threats to both nature and human well-being. In response, governments have taken active measures to curb pollutant emissions and alleviate environmental damage. These measures offer more than just environmental protection, but also yield substantial health benefits, such as lower disease rates, increased life expectancy, and improved overall life quality. Consequently, appraising the health merits of environmental regulation is vital for discerning its ramifications on social welfare, enhancing cost–benefit analysis, and informing environmental policy alternatives. However, previous environmental regulation research has predominantly focused on its impacts on air pollution, greenhouse gas emissions, and energy consumption, with limited empirical studies on the implications of environmental regulation for health outcomes. Therefore, using the combined number of premature deaths from STK, IHD, and LC induced by outdoor PM2.5 exposure as a proxy for health risk, this study delves into the effect of environmental regulations on health risk, employing panel data from 276 Chinese cities over a period spanning from 2009 to 2020 to explore effective paths that reduce health risk. The results reveal that enhancing the intensity of environmental regulation significantly reduces health risks in cities, a finding that remains valid after multiple robustness tests, which demonstrates the health advantages of environmental regulation. Atmospheric pollution is a serious environmental issue that endangers human health by allowing harmful elements to enter the body through inhalation, causing irreversible damage. Air pollution has been proven to cause greater health risks than expected. Fine particulate matter (PM2.5), for example, with a diameter of less than 2.5 micrometers, can readily infiltrate the respiratory system and infect the lungs and bloodstream, posing a serious threat to the human body (63). Long-term exposure to high levels of PM2.5 can weaken people’s immunity and lead to chronic symptoms, such as coughing, breathlessness, migraines, and lung failure (3–5). Consequently, it is imperative to strengthen environmental regulation to reduce air pollution and protect human health. Compared with other studies that are merely theoretical, this paper quantitatively analyzes and proves the health benefits of environmental regulation by using high-precision long panel data and empirical studies, providing stronger evidence and support for proactive responses to air pollution and reducing health risks. Moreover, the policy consequences of environmental regulation are not static, but vary depending on factors such as regional location and environmental protection characteristics. This has often been overlooked in previous research on the health benefits of environmental regulation. Therefore, this paper examines not only the average impact of environmental regulation on health risks, but also the differential effect of environmental regulation on health consequences in terms of regional location and environmental protection characteristics. It also confirms the importance of scientific and technology levels in the process of environmental regulation exerting its effects, i.e., the higher the level of science and technology, the more significant the health influence of environmental regulation.

This paper investigates the impact of environmental regulations on the health risks associated with PM2.5 exposure. Nevertheless, our analysis is subject to several limitations. Firstly, we disregard the health consequences of other air pollutants, such as O3, which is a major contributor of respiratory and cardiovascular diseases. Therefore, future studies should examine the synergistic effects of multiple pollutants and the heterogeneity of different regions and populations in an integrated manner, to assess the implications of environmental regulation on health risks more accurately. Secondly, this paper only focuses on the health impacts of outdoor air quality, neglecting the effects of indoor air quality, which is also a crucial factor affecting residents’ health (63), particularly in China during the winter, where indoor pollution from activities such as coal combustion, cooking, and smoking elevates the risk of lung cancer, chronic obstructive pulmonary disease, and other diseases. To perform more thorough and comprehensive assessments of the association between environmental pollution and health risks, future studies should incorporate more diversified and accurate data, such as indoor and outdoor air quality monitoring data, as well as data on residents’ health status and behavior.



5 Conclusions and policy recommendations

This study provides evidence that an increasing intensity of environmental regulation can be associated with a reduction in health risks, with a 1-unit increase in the intensity of environmental regulation lowering the total number of local premature deaths from STK, IHD, and LC diseases by approximately 15.4%, a finding that holds up after multiple robustness tests. Additionally, the study highlights the positive synergy between scientific and technological advancements and environmental regulation in improving public health. Moreover, we also underscore the variation in health benefits across cities, with inland, southern, and non-low-carbon pilot cities experiencing more pronounced health benefits from environmental regulation. This research illuminates a promising path toward healthier and more sustainable environments.

Based on the findings of this research, three policy recommendations are proposed here. First, the social welfare effects of environmental regulation policies have been confirmed. Therefore, to enhance air quality and diminish health risks for residents, environmental regulation should be further improved by investing more in environmental protection and taking stricter measures against pollution sources. Second, the fostering of scientific and technological innovation and the promotion of clean technologies should be prioritized, along with the encouragement of enterprises to adopt eco-friendly production methods and equipment. Moreover, pollutant treatment and abatement technologies should be advanced, which will ultimately improve the health risk reduction effect of environmental policies. Third, it is crucial to tailor environmental regulatory policies by developing diverse and adaptable measures to suit the unique characteristics and needs of different cities, thereby improving the relevance and effectiveness of policies and leading to optimal health benefits for cities with varying sizes and environmental challenges.
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Long-term air pollution and adverse meteorological factors might elevate the osteoporosis risk among adult Chinese
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Objective: This study aims to investigate the relationship between exposure to air pollution and adverse meteorological factors, and the risk of osteoporosis.

Methods: We diagnosed osteoporosis by assessing bone mineral density through Dual-Energy X-ray absorptiometry in 2,361 participants from Jiangsu, China. Additionally, we conducted physical examinations, blood tests, and questionnaires. We evaluated pollution exposure levels using grid data, considering various lag periods (ranging from one to five years) based on participants’ addresses. We utilized logistic regression analysis, adjusted for temperature, humidity, and individual factors, to examine the connections between osteoporosis and seven air pollutants: PM₁, PM₂.₅, PM₁₀, SO₂, NO₂, CO, and O₃. We assessed the robustness of our study through two-pollutant models and distributed lag non-linear models (DLNM) and explored susceptibility using stratified analyses.

Results: In Jiangsu, China, the prevalence of osteoporosis among individuals aged 40 and above was found to be 15.1%. A consistent association was observed between osteoporosis and the five-year average exposure to most pollutants, including PM₂.₅, PM₁₀, CO, and O₃. The effects of PM₁₀ and CO remained stable even after adjusting for the presence of a second pollutant. However, the levels of PM₁ and PM₂.₅ were significantly influenced by O₃ levels. Individuals aged 60 and above, those with a BMI of 25 or higher, and males were found to be more susceptible to the effects of air pollution. Interestingly, males showed a significantly higher susceptibility to PM₁ and PM₂.₅ compared to females. This study provides valuable insights into the long-term effects of air pollution on osteoporosis risk among the adult population in China.

Conclusion: This study indicates a potential association between air pollutants and osteoporosis, particularly with long-term exposure. The risk of osteoporosis induced by air pollution is found to be higher in individuals aged 60 and above, those with a BMI greater than 25, and males. These findings underscore the need for further research and public health interventions to mitigate the impact of air pollution on bone health.
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1 Introduction

Osteoporosis is a systemic skeletal disorder characterized by reduced bone mass and microscopic structural deterioration of bone tissue, leading to increased fragility of bones and a higher risk of fractures (1). In older adult individuals, particularly among women, bone pain and fractures are common symptoms of osteoporosis, which can potentially lead to disability or even death. This disease imposes a significant burden on healthcare systems, and with the increasing old population, this burden continues to grow (2). Taking China as an example, there were 411,000 cases of hip fractures in 2015, and it is projected to increase to one million by 2050 (3). Based on an osteoporosis epidemiological study conducted in China, which surveyed 20,416 individuals, the prevalence of osteoporosis among adults aged 40 and above was 5.0% for men and 20.6% for women (4). When combining this data with the sixth Chinese national census (55,191,915 men aged 40 and above and 53,935,201 women aged 40 and above), we estimated that there are 13.87 million osteoporosis patients among the Chinese population aged 40 and above. Therefore, the implementation of comprehensive early prevention and treatment measures for osteoporosis has become extremely urgent and necessary.

Air pollution is recognized a global health challenge (5). As early as 1985, researchers suggested a potential link between air pollution and osteoporosis (6). The Oslo Health Study (7) initially identified a weak but significant negative correlation between a 10-year average of air pollution indicators and whole-body bone density. Recent evidence from the analysis of 9.2 million U.S. health insurance records (8) and data from over 40,000 individuals in South Korea’s health insurance database (9) indicates a close association between increased PM2.5 concentrations and higher rates of hospitalization due to fractures in the older adults, suggesting a connection between air pollution and osteoporosis. An analysis of data from 341,000 participants in the UK Biobank also suggests that exposure to higher levels of air pollution is associated with lower bone mineral density and an increased risk of osteoporosis (10). However, despite over four decades of research, the existing evidence regarding the relationship between outdoor air pollution exposure and osteoporosis-related outcomes remains scattered and inconclusive (11). Meta-analyses of limited studies indicate heterogeneous results regarding the association between air pollution exposure and osteoporosis (11), and the observed inconsistencies between studies may be attributed to heterogeneity in participant characteristics, study designs, and statistical issues (12). Furthermore, recent studies have adopted diverse lag periods for long-term exposure, while a considerable number have omitted adjustments for meteorological variables, which may constitute significant contributors to the disparate research findings.

Therefore, we conducted a retrospective cohort study in Jiangsu, China, and assessed the 5-year daily exposure of the survey participants to air pollutants and meteorological factors. Our study aimed to assess the impact of various air pollutants and adverse meteorological factors, including three kinds of Particulate Matter with different aerodynamic diameters (PM₁, PM₂.₅, PM₁₀), Nitrogen Dioxide (NO₂), Sulfur Dioxide (SO₂), Carbon Monoxide (CO), and ozone (O₃), as well as high humidity and solar irradiation, on the risk of osteoporosis. This research is crucial in understanding the environmental factors contributing to osteoporosis and informing public health interventions.



2 Materials and methods


2.1 Study population

The study population for this cohort research constitutes a subset of the China National Epidemiological Survey on Osteoporosis, conducted in 2017 (4). This national study aimed to investigate the prevalence of osteoporosis and its associated risk factors. Our study was conducted in Jiangsu Province, located in the eastern part of China, from March to July 2018. Jiangsu Province is characterized by predominantly flat terrain and is considered an economically developed region in China. The survey encompassed six cities within Jiangsu Province, each representing various urban environments (Supplementary Figure S1). We employed a multi-stage, stratified cluster random sampling approach for our sampling method. In each surveyed area, we used a Probability Proportional to Size (PPS) sampling method to randomly select four townships or streets, each providing two administrative villages or communities. Afterward, we randomly selected one resident group from each administrative village or community, with each group comprising a minimum of 50 participants aged 40 years and older who met the eligibility criteria on bone mineral density measurements. Exclusion criteria included individuals diagnosed with metabolic bone diseases such as hyperthyroidism, hyperparathyroidism, renal failure, malabsorption syndrome, alcoholism, chronic colitis, multiple myeloma, leukemia, or chronic arthritis, as well as pregnant individuals.



2.2 Osteoporosis assessment

We conducted bone mineral density (BMD) measurements, including lumbar spine (L1 to L4), femoral neck, and total hip, using Hologic scanners (Hologic Inc) or GE-Lunar scanners (GE Healthcare) via dual-energy X-ray absorptiometry (DXA). Quality control procedures were rigorously implemented, encompassing the scanning of a standardized European Spine Phantom (ESP) ten times to calibrate each DXA scanner utilized during participant examinations. This meticulous calibration process was pivotal in guaranteeing the uniformity and accuracy of Bone Mineral Density (BMD) measurements, an essential factor in the scoring and analysis for this study. It underscored our commitment to maintaining consistency in data collection and analysis, thereby fortifying the reliability of our findings. Osteoporosis diagnosis adhered to the criteria set by the World Health Organization, calculated as T-score = (BMD – gender-specific peak BMD) / (SD of gender-specific peak BMD). Individuals with T-scores of −2.5 or lower at any site (L1 to L4, femoral neck, or total hip) were classified as having osteoporosis (13). The data calculation methods in this study align with those utilized in the previous study (4).



2.3 Exposure assessment

Daily ambient air pollution data, which included PM₁, PM₂.₅, PM₁₀, SO₂, NO₂, CO, and O₃, were obtained from the ChinaHighAirPollutants dataset, accessible at https://weijing-rs.github.io/product.html. This dataset was generated through a combination of artificial intelligence models, ground measurements, satellite remote sensing products, and atmospheric reanalysis. It offered comprehensive spatiotemporal coverage across China during the study period, with a spatial resolution of 1 × 1 km for PM and O₃, and 10 × 10 km for SO₂, NO₂, and CO. The reliability of the exposure assessment has been validated in our previous studies (14, 15).

We collected daily pollution and meteorological exposure data for participants’ residential locations from 2013 to 2018. Based on each participant’s survey date, we computed annual average exposure levels for the year preceding the survey (lag0) up to 5 years before the survey (lag4). Additionally, we calculated exposure averages from 2 years before the survey (lag01) to 5 years before the survey (lag04). Note that data for PM₁ in 2013 were missing, resulting in a one-year shorter exposure period, with a maximum of 4 years.



2.4 Covariates

Meteorological data, which included air temperature (°C) and relative humidity (%), were sourced from the China Meteorological Administration Land Data Assimilation System (CLDAS version 2.0) at a spatial resolution of 0.0625° × 0.0625° (16, 17). Additionally, we retrieved data on Erythemal Daily Dose (EDD) from the Dutch-Finnish Ozone Monitoring Instrument (OMI) Level 2 UV irradiance products (OMUVB V003) at a resolution of 13 km × 24 km (18). EDD represents the cumulative UV radiation exposure individuals receive in a day, with the potential to cause skin erythema (sunburn) (19). It is measured in J/m2 and is commonly used to assess the risk of skin damage due to UV radiation. The OMI spectrometer, hosted by the NASA Aura satellite, observes nadir views and records ultraviolet wavelengths ranging from 270 to 380 nm. We calculated daily mean EDD levels for specific locations by averaging EDD values from corresponding OMI pixels within those areas. The methodology used for assessing exposure to meteorological factors aligned with the approach employed for air pollutants. Individual covariates, such as gender, age, and body mass index (BMI), were collected through questionnaires and physical examinations.



2.5 Statistical analysis

We conducted Spearman’s correlation tests to explore the relationships between air pollutant exposures and meteorological factors. Subsequently, logistic regression models were employed to assess the exposure-response associations for PM₁, PM₂.₅, PM₁₀, SO₂, NO₂, CO, and O₃ exposures concerning osteoporosis incidents. Using a stepwise selection approach, individual factors such as BMI (body mass index), age, and gender were incorporated into the model. Unit-Based Root Expected Logarithmic Prediction (UBRE) is used to assess the goodness of fit of a model. These logistic regression models allowed us to estimate the percentage changes in the odds of osteoporosis incidents, expressed as ([odds ratio – 1] * 100%), across various exposure levels. Alongside these estimates, we calculated corresponding 95% confidence intervals (CIs) and determined the percentage change in the odds of osteoporosis for a unit increase in exposure. In constructing these models, we utilized natural cubic spline functions (with 3 degrees of freedom [df]) to portray the exposure to each specific pollutant, thus forming exposure-response curves. To ensure robustness, all models were adjusted for annual air temperature and relative humidity (RH), which were included as natural cubic spline functions (df = 3). Additionally, in two-pollutant models and stratified analyses, adjustments were made for additional variables, including EDD.

Furthermore, we performed a comprehensive stratified analysis based on age (<60, ≥60 years), gender (male, female), and BMI (<25, ≥25). Effect modifications were rigorously examined using two-sample z-tests, leveraging the stratification-specific point estimates (β = ln odds ratio) and their corresponding standard errors (SEs) (20):
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To ensure robustness, we conducted sensitivity analyses, including two-pollutant models for each of the seven air pollutants. These models integrated an additional set of pollutants for assessment, and we specifically utilized the likelihood ratio test to compare nested single-pollutant and two-pollutant models, aiming to discern differences between the models. We also considered the potential non-linear lag effects of pollutant exposure over different years. To do so, we used the Distributed Lag Non-Linear Model (DLNM) approach to assess the associations between osteoporosis occurrence and the seven pollutants, along with EDD, over various lag years.

All data analyses were performed using R version 4.3.1, with two-sided p-values, and statistical significance was set at p < 0.05.




3 Results


3.1 Study population and characteristics

A total of 2,399 individuals aged 40 and above participated in comprehensive health assessments and completed questionnaires, with 38 participants being excluded due to incomplete X-ray examinations. As shown in Table 1, a total of 2,361 individuals were included in this study, among whom 356 were diagnosed with osteoporosis, accounting for 15.1% of the total. A slightly higher proportion of participants were female, accounting for 57.8% of the sample. Nevertheless, the prevalence of osteoporosis among females was considerably higher, reaching 23.4%, which was 6.5 times greater than that among males (23.4/3.6). The mean age of the participants was 57.9 ± 9.7 years, with the osteoporosis group being older than the control group. Approximately 46.2% of the participants were aged 60 and above, with an osteoporosis prevalence of 24.7%, significantly higher than the prevalence in the age < 60 group (6.9%, 3.6 times higher). Regarding Body Mass Index (BMI), the participants had an average of 25.1 ± 3.4, with the BMI in the osteoporosis group being significantly lower than that in the control group. Among the surveyed individuals, 52.2% had a BMI below 25, and this group exhibited an osteoporosis prevalence of 19.2%, significantly higher than the prevalence among individuals with a BMI of 25 or greater (10.5%).



TABLE 1 Characteristics of the study population.
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3.2 Exposure to air pollution and meteorological factors

In Table 2, we compiled data on the exposure of study participants to seven air pollutants (PM₁, PM₂.₅, PM₁₀, SO₂, NO₂, CO, O₃) and meteorological factors (temperature in °C, humidity in %, and Erythemal Daily Dose – EDD in J/m2) for various lag periods: the year before the survey (lag0), the average over the 2 years before the survey (lag01), and the average over the 5 years before the survey (lag04). Our findings indicate that between 2013 and 2018, the average concentrations of particulate matter in the surveyed areas gradually decreased. For instance, PM₁₀ decreased from 99.7 μg/m3 at lag04 (2013–2018) to 88.6 μg/m3 at lag0 (2017–2018). Similarly, the concentration of SO₂ during this period decreased from 25.7 to 16.5 μg/m3. In contrast, O₃ levels increased from 102.1 to 107.9 μg/m3. NO₂, CO, and meteorological factors remained relatively stable. Figure 1 illustrates the correlations among these factors in lag04 exposure, with PM₁₀, PM₂.₅, and CO exhibiting correlation coefficients exceeding 90%.



TABLE 2 Distribution of exposure to ambient air pollutants and meteorological conditions of study.
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FIGURE 1
 Correlation coefficients between seven air pollutants, solar radiation (EDD), temperature, and humidity.




3.3 Lag and cumulative effects of pollutants on osteoporosis

We identified humidity as a significant risk factor for osteoporosis (Supplementary Figure S2) and thus deemed it necessary to adjust for its impact on our results. Figure 2 illustrates the effects of exposure to 1 μg/m3 of PM₁, PM₂.₅, PM₁₀, SO₂, NO₂, and O₃, as well as 10 μg/m3 of CO, and 10 J/m2 of EDD on the odds percentage change of osteoporosis, after adjusting for individual gender, age, BMI, as well as temperature and humidity.
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FIGURE 2
 Different effects of air pollutants and EDD on the osteoporosis in single-year lag model and average lag model.


The results depict the impact of each pollutant on osteoporosis occurrence for both single-year exposure (lag0-lag4) and average exposure over the past 5 years (lag01-lag04). Notably, for most pollutants (PM₁, PM₂.₅, PM₁₀, CO, and ozone), the five-year average exposure demonstrates a relatively substantial and consistent risk (or protective) effect on osteoporosis. Conversely, the results for single-year exposure appear less stable. In all lag periods, neither SO₂ nor NO₂ exhibited significant associations with osteoporosis. Interestingly, for particulate matter (PM₁, PM₂.₅, and PM₁₀), the risk of osteoporosis gradually increased with increasing pollutant concentration from Lag02 to Lag04, suggesting a cumulative effect of long-term exposure. Figure 2 also indicates that long-term exposure to O₃, and EDD, as related to UV radiation, appear to be protective factors against osteoporosis. Consequently, in our subsequent multivariate analysis, we incorporate EDD as a fixed adjustment factor.

As shown in Supplementary Figure S3, the coefficients in the graph represent the effects resulting from a unit increase in pollutant concentration. Specifically, PM₁, PM₂.₅, PM₁₀, SO₂, NO₂, and O₃ units were 1 μg/m3, CO was 0.01 mg/m3, and EDD was 10 J/m2. Adjustments were made for gender, age, BMI, temperature, and humidity. Regarding PM₁, PM₂.₅, and PM₁₀, cumulative effects resulting from 4 or 5 years of exposure demonstrated a significant association with the occurrence of osteoporosis, consistent with the observed trend in Figure 2. Notably, neither NO₂ nor SO₂ exhibited discernible cumulative effects. CO exhibited the strongest effect with a 4-year cumulative exposure. It’s important to emphasize that O₃ demonstrates significant cumulative effects only within a 5-year accumulation period.



3.4 Dose–response relationships between pollutants and osteoporosis

In Figure 3, we present a clear depiction of the exposure-response relationship between six pollutants and the risk of osteoporosis. These relationships are adjusted for individual gender, age, BMI, as well as temperature, humidity, and EDD, considering a five-year average exposure (four-year average for PM). The concentrations of PM₁, PM₂.₅, PM₁₀, and CO exhibit a significant, nearly linear positive correlation with the risk of osteoporosis as they increase. In contrast, NO₂ demonstrates a nonlinear relationship with osteoporosis. Additionally, O₃ shows a significant negative correlation with osteoporosis occurrence.
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FIGURE 3
 Exposure-response relationships between long-term air pollutants exposure and osteoporosis in single pollutants models. The solid black lines with shade show percent changes and 95% CI of osteoporosis odds. The dotted red lines show the referent position of 0.




3.5 Two-pollutant models

Figure 4 presents the results of two-pollutant models for 10 μg/m3 of PM₁ (lag03), PM₂.₅ (lag04), PM₁₀ (lag04), and O₃ (lag04) in conjunction with 100 μg/m3 of CO (lag04). These models build upon the single-pollutant models by sequentially accounting for the influence of other pollutants. After adjusting for the second pollutant, the effects of PM₁₀ and CO remained relatively stable, while PM₁ and PM₂.₅ were notably influenced by O₃. However, when compared to single-pollutant models, all two-pollutant models exhibited no statistically significant differences in estimating the risk of osteoporosis occurrence (P for heterogeneity). Notably, O₃ was influenced to a greater extent by PM₁₀ and CO, with a change in effect direction after adjustment.
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FIGURE 4
 The odds ratios of osteoporosis associated with a 10 μg/m3 increase of each air pollutant (100 μg/m3 for CO) in single and 2-pollutant models.




3.6 Stratified analysis

In Table 3, we present the adjusted percent change (95% CIs) for osteoporosis associated with a 1 μg/m3 increase in exposure to PM₁, PM₂.₅, PM₁₀, O₃, and a 10 μg/m3 increase in CO, stratified by age, gender, and BMI. PM₁ and PM₂.₅ showed associations with osteoporosis occurrence only among male participants (p < 0.05). Furthermore, their impact on osteoporosis risk in males was significantly higher than in females (p = 0.02). Among participants aged 60 and above, all four pollutants exhibited associations with osteoporosis, with effect sizes greater in absolute value compared to those below 60. However, these associations did not reach statistical significance. Similarly, no significant differences were observed in the associations between long-term pollutant exposure and osteoporosis across different BMI groups (p = 0.02). Nevertheless, it is worth noting that particle pollutants showed significant associations with osteoporosis only in individuals with a BMI greater than or equal to 25.



TABLE 3 Adjusted percent change (95% CIs) for osteoporosis associated with 1 μg/m3 increase of exposures to PM1, PM2.5, PM10, and 10 μg/m3 CO stratified by age, gender, and BMI.
[image: Table3]




4 Discussion

This study presents the first evidence of a delayed effect of long-term exposure to air pollution on the occurrence of osteoporosis, with a more stable association observed at 4 to 5 years of exposure lag (lag03, lag04). The emergence of PM₁₀ as a robust indicator for assessing the relationship between particulate matter and osteoporosis is particularly noteworthy. Furthermore, our research identified individuals aged 60 and above, as well as those with a BMI of ≥ 25, as vulnerable populations to air pollutant-related osteoporosis. These significant findings offer valuable insights for further research and intervention strategies, contributing to the enhancement of public health and the formulation of environmental policies.

Our study revealed a dose–response relationship between long-term exposure to PM₁, PM₂.₅, and PM₁₀ and the risk of osteoporosis, with the odds ratios (ORs) increasing with prolonged exposure (Figure 2). More specifically, at a 5-year lag (lag04), an average increase of 1 μg/m3 in PM₂.₅ and PM₁₀ was associated with a 9.5 and 5.4% increased risk of osteoporosis, respectively (Figure 4). Notably, the effectiveness of PM₂.₅ was slightly higher than that found in a previous study in Hubei Province, China, which reported a 5% increased risk for every 1 μg/m3 increase in PM₂.₅ using a 2-year average exposure (lag01) without adjusting for temperature and humidity [OR: 1.05 (1.00, 1.11)] (21). However, they did not find a statistically significant association with osteoporosis for 1-year [OR: 1.040 (0.994, 1.088)] and 3-year [OR: 1.037 (0.990, 1.086)] average exposures, highlighting the necessity of correcting for meteorological factors and presenting lag effects comprehensively. Our results corroborated the findings of an analysis from the UK Biobank (10), which found a 9% increased risk of osteoporosis associated with a 1 interquartile range (IQR) increase (1.3 μg/m3) in PM₂.₅ during the follow-up period [HR: 1.09 (1.06, 1.12)]. Another report using UK Biobank data supported our results (22), showing a 94% increased risk of osteoporosis for a 10 μg/m3 increase in PM₁₀ [HR: 1.94 (1.52, 2.48)], with their PM₂.₅ exposure levels ranging from 8.2 to 21.3 μg/m3, averaging 9.9 μg/m3. This highlighted the linear relationship between PM₂.₅ and osteoporosis risk observed in our study (Figure 3), even at lower concentration levels. Regarding PM₁₀, the UK Biobank results demonstrated a 4% increased risk of osteoporosis associated with a 2.4 μg/m3 increase [HR: 1.04 (1.01, 1.07)] (10), consistent with our findings using lag0 (Figure 3). Therefore, our Figure 2 served as a valuable reference for explaining differences in similar studies. Additionally, studies from South Korea (23) and Italy (24) reported associations between PM₁₀ exposure and increased osteoporosis risk, but they employed different categorization methods for PM₁₀ and did not report specific dose–response relationships. Furthermore, the Korean study (23) did not find an association between PM₂.₅ and osteoporosis.

While research on PM₁ was relatively limited (11, 12), our study revealed that after adjusting for EDD (Erythemal Daily Dose), the impact of PM₁ on osteoporosis lacked statistical significance (Figure 4). In contrast, when not adjusting for EDD, PM₁ remained a risk factor (Figure 2), and the effect of PM₁ per unit dose was even more pronounced. Furthermore, it’s worth noting that a study employed a 3-year average PM₁ concentration and found a correlation with a −5.38 unit decrease in quantitative ultrasound index (95% CI: −6.17, −4.60) (21), this harm had already been reflected in PM₂.₅ and PM₁₀. Research on rural populations in Henan, China, also discovered that a 1 μg/m3 increase in the three-year average of PM₁, PM₂.₅, and PM₁₀ resulted in a 14.9, 14.6, and 7.3% higher risk of osteoporosis, respectively (25). It’s important to highlight that the efficacy of these pollutants in their study surpassed our findings, possibly due to their use of quantitative ultrasound bone density measurements to assess osteoporosis (25).

The association between PM and osteoporosis was attributed to their ability to penetrate the lower respiratory tract, exerting both direct and indirect harmful effects on various organs and tissues. These harmful effects stemmed from PM components’ capability to traverse respiratory membranes, gaining access to the bloodstream. The direct effects resulted from PM components’ ability to traverse respiratory membranes and enter the bloodstream, whereas the indirect effects encompassed systemic consequences of localized airway reactions, which involved four potential mechanisms reported in the literature: inflammation, vitamin D, oxidative damage, and some environmental endocrine disruptors (26).

In gaseous pollutants, we observed a relatively stable association between CO and osteoporosis (Figure 4). Previous research has reported a negative correlation between CO exposure and BMD T-scores in a study from Taiwan (27). Furthermore, a prior study based on healthcare data from Taiwan, China, found that an increase in CO exposure was associated with an increase in osteoporosis incidence from 13.58 per 1,000 person-years to 22.25 per 1,000 person-years (28). The binding affinity of CO to hemoglobin is much higher than that of oxygen (O₂) (29), which thus leads to hypoxia by reducing oxygen-carrying capacity and decreasing O₂ release to tissues (30). This hypoxia has been confirmed to reduce the growth of osteoblasts, resulting in bone thinning and osteoporosis (31).

Our study also unveiled a protective effect of O₃ against osteoporosis. This protective effect persisted even after adjusting for EDD (Erythemal Daily Dose), suggesting that O₃ may have independent effects apart from UV radiation (Figure 4). In line with our findings, a study by Lin et al. in 2022 in Taiwan (27) found a positive correlation between annual average O₃ exposure levels and BMD T-scores. Furthermore, literature searches have indicated an increasing clinical use of O₃ therapy for conditions such as disc herniation, jawbone necrosis, and pain management (32, 33). O₃ therapy has been demonstrated to promote complete healing of bisphosphonate-related jawbone necrosis by restoring normal function (32). Additionally, two separate studies involving rats have shown that O₃ has a positive impact on bone formation. One study involved cranial bone defects in rats (34), while another study with 48 rats demonstrated that O₃ therapy increased the number of osteoclasts and osteoblasts and stimulated bone regeneration (35). These combined findings suggest a physiological basis for the protective effect of O₃ against osteoporosis.

In our study, both SO₂ and NO₂ did not independently affect osteoporosis, which is consistent with research conducted in Hubei, China (21). Furthermore, we discovered a U-shaped relationship between NO₂ and osteoporosis, indicating a non-linear association that might have limited our ability to identify a clear link between them. Furthermore, a meta-analysis indicated that SO₂ exposure was associated with a non-significant increase in bone mineral density (BMD) (11).

Subgroup analysis indicated that individuals aged 60 and above were the most susceptible to air pollution-induced osteoporosis, potentially due to age-related immunosuppression, rendering them more vulnerable to environmental pollution. We also observed that males were more sensitive to the effects of PM₂.₅ and PM₁, which was consistent with previous reports that found that the non-standardized coefficient β (95% CI) between BMD T-score and each 1 μg/m3 increase in PM₂.₅ was higher in males than females [−0.005 (−0.011, 0.000) for males vs. −0.001 (−0.007, 0.005) for females] (27). Notably, individuals with a BMI ≥25 were more susceptible to the impact of air pollution, despite the protective effect of higher BMI against osteoporosis (Table 1). This susceptibility among lower-risk individuals could be explained by the fact that air pollution can trigger systemic inflammation and oxidative stress. Overweight or obese individuals often exhibited a chronic inflammatory state due to the presence of inflammatory cells and mediators in adipose tissue (36). This chronic inflammation may have heightened their sensitivity to the detrimental effects of air pollutants, as inflammation can increase cellular susceptibility to the harmful effects of gasses and particulate matter.

This study is the first to correct for the influences of both humidity and solar radiation in quantitatively assessing the correlation between air pollutants and osteoporosis. Our study also has several strengths. Firstly, we employed DXA, the gold standard for diagnosing osteoporosis, to assess bone density at six sites. This was executed meticulously through a rigorous process of stratified random sampling and the use of standardized equipment. Furthermore, we diligently standardized the equipment across all hospitals involved in the project, a crucial step that ensured the uniformity and reliability of our test results. Secondly, we also considered temperature, humidity, and ultraviolet radiation in our comprehensive analysis of air pollution and osteoporosis. Finally, for the first time, we showed how osteoporosis risk varies with different pollutants and lag times. Our study strongly indicates that as exposure duration to pollutants increases, the osteoporosis risk per unit dose of pollutants fluctuates.

Our study still has some limitations, primarily the relatively small sample size. Conducting active monitoring using DXA measurement, while ensuring result reliability, constrained our sample size. The present research cohort size has already enabled us to identify a statistically significant correlation between exposure to air pollutants and osteoporosis. While a larger sample size may bolster the observed correlation between short-term exposure and osteoporosis, it is unlikely to alter our established conclusion that the association is notably stronger with long-term exposure. However, extending the conclusion to a broader scope might necessitate a wider range of exposure to pollutants, thereby gaining further insights into the health effects at higher or lower concentrations. In the future, we plan to obtain national data from all participants in our project for further analysis. Second, due to limited air pollution data availability, we could only access data from 2013 onwards, limiting our analysis of longer exposure lags on osteoporosis. Finally, despite our best efforts to adjust for confounding factors, we cannot eliminate residual confounding, especially since factors influencing osteoporosis and bone mineral density are not yet fully understood.

Conclusively, this study reveals a potential link between air pollutants and osteoporosis, particularly emphasized with prolonged exposure. The susceptibility to air pollution-induced osteoporosis seems heightened in individuals aged 60 and above, those with a BMI exceeding 25, and among males. These findings identify specific demographics requiring targeted public health interventions to mitigate the adverse effects of air pollution on their bone health.
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Background: The etiopathogenesis of periodontitis is closely associated with environmental conditions. However, the relationship between ethylene oxide exposure and periodontitis risk remains unclear.

Methods: We selected qualified participants from National Health and Nutrition Examination Survey (NHANES) 2013–2014. Periodontitis was identified according to the criteria of the Community Periodontal Index (CPI), Centers for Disease Control and Prevention (CDC)/American Academy of Periodontology (AAP) definition. Ethylene oxide exposure was quantified by hemoglobin adducts of ethylene oxide (HbEO) levels. Log2-transformation was used to normalize HbEO levels. We designed three logistic regression models to explore potential relationship between HbEO and periodontitis. Restricted cubic spline (RCS) and subgroup analysis were also conducted with all covariates adjusted. We performed multivariable linear regression to appraise the association between the risk of periodontitis and different indicators of inflammation, including white blood cells, neutrophils, lymphocytes, and monocytes. Mediation analysis was subsequently performed to examine whether ethylene oxide exposure contributed to periodontitis development through systemic body inflammation.

Results: A total of 1,065 participants aged more than 30 were incorporated in this study. We identified that participants with higher HbEO levels showed increased risk of periodontitis after adjusting for all covariates (OR = 1.49, 95% CI: 1.14, 1.95, p = 0.0014). The results of subgroup analysis remained stable. The restricted cubic spline (RCS) curve also revealed a non-linear correlation between log2-transformed HbEO levels with the risk of periodontitis (p for nonlinear < 0.001). Mediation analysis indicated that HbEO level was significantly associated with four inflammatory mediators, with the mediated proportions of 14.44% (p < 0.001) for white blood cell, 9.62% (p < 0.001) for neutrophil, 6.17% (p = 0.006) for lymphocyte, and 6.72% (p < 0.001) for monocyte.

Conclusion: Participants with higher ethylene oxide exposure showed higher risk of periodontitis, which was partially mediated by systemic body inflammation. More well-designed longitudinal studies should be carried out to validate this relationship.
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1 Introduction

Periodontitis is a chronic inflammatory disease characterized by impaired integrity of tooth-supporting tissue, which eventually leads to tooth looseness and the loss of teeth if not properly treated. The high prevalence of periodontitis severely affects patients’ life quality and causes enormous socioeconomic burden (1, 2). The etiology of periodontitis is very complex, including but not restricted to environment, life style, diet, and genetic susceptibility (3). Multiple environmental risk factors were associated periodontitis, particularly smoking and particulate matter exposure. These risk factors were considered to have significant pro-inflammatory effects, which may lead to systemic inflammatory reaction and might contribute to periodontitis development (4, 5). Unlike genetic risk factor for periodontitis, environmental risk factors are considered modifiable, and identifying potential environment-related risk is critical to periodontitis management (6).

Ethylene oxide is a common environmental organic compound derived from the metabolism of ethylene. Hemoglobin adducts of ethylene oxide (HbEO) is a significantly sensitive biomarker for ethylene oxide assessment because of its longer half-life in vivo. Ethylene oxide has been widely applied as intermediates for various compounds, including ethylene glycols, glycol ethers, and other ethoxylated products (7). In addition, ethylene oxide is an important sterilizing agent for oral medical devices with excellent bactericidal, sporicidal, and virucidal activity (8). Since individuals can be exposed to ethylene oxide through inhalation, it is also recognized as an environmental pollutant derived from tobacco smoke and industrial process. Previous studies indicated that, as a highly reactive volatile organic compound, people exposed to excessive ethylene oxide were more likely to have a higher risk of cardiovascular diseases, respiratory diseases, and cancer (9–11).

However, the relevance of ethylene oxide exposure with periodontitis development remained unclear. Increasing evidence showed that ethylene oxide exposure could intensify systemic body inflammation that affected the development of periodontitis (12, 13). On the one hand, the inflammatory response is a kind of defense mechanism against the invasion of external pathogens. On the other hand, an improperly controlled inflammatory response can cause irreversible damage to periodontal tissues with typical signs of periodontitis such as deep periodontal pockets, attachment loss, and even tooth loss (14). Uncontrolled systemic inflammation not only contributes to the development of periodontitis but also its comorbidities, like cardiovascular and respiratory diseases (3, 15). Since periodontitis is also a chronic systemic inflammatory disease, we hypothesized that a correlation exists between ethylene oxide exposure and risk of periodontitis possibly mediated by systemic body inflammation.

Here, our study aimed to explore the hypothesis that ethylene oxide exposure might contribute to periodontitis, which partially mediated by systemic inflammation, using statistics from the National Health and Nutrition Examination Survey (NHANES) 2013–2014.



2 Materials and methods


2.1 Study design and population

The datasets utilized in our study were based on the National Health and Nutrition Examination Survey (NHANES) 2013–2014, a cross-sectional survey conducted by the National Center for Health Statistics (NCHS). NHANES was used to investigate the health and nutritional status of noninstitutionalized US individuals with a stratified multistage representative sample. All the participants’ data collection can be publicly obtained at www.cdc.gov/nchs/nhanes.htm. The original NHANES 2013–2014 dataset was carried out in US populations with approvement from the Centers for Disease Control (CDC) and Prevention National Increase for Health Statistics Research (NCHS) Ethics Review Board. All the participants included have provided written informed consent, which can be accessed from https://www.cdc.gov/nchs/nhanes/irba98.htm. This paper followed the Strengthening the Reporting of Observational Studies in Epidemiology (STROBE) guideline (16).

A total of 19,577 participants were included from 2013 to 2014 cycles in NHANES. Incomplete data of household interviews and physical examinations were excluded (n = 18,512). As a result, 1,065 participants aged 30 or older were enrolled for the data analysis (Figure 1).

[image: Figure 1]

FIGURE 1
 Flow chart of process for selection and inclusion of participants. NHANES, National Health and Nutrition Examination Survey; HbEO, hemoglobin adducts of ethylene.




2.2 Assessment of periodontitis

Participants aged ≥ 30 were included for a full-mouth periodontal probing examinations conducted by calibrated examiners.1 All periodontitis cases reached the criteria of the Community Periodontal Index (CPI), Centers for Disease Control and Prevention (CDC)/American Academy of Periodontology (AAP) definition. The grade of periodontal status was diagnosed according to the CDC/AAP definitions (17). The severity of periodontitis can be categorized as three levels (Supplementary Table 1). Participants were defined as periodontitis cases if they met the criteria of either mild, moderate, or severe periodontitis, while the rest of them were defined as non-periodontitis.



2.3 Assessment of blood ethylene oxide

We exploited a series of standard control strategies to find valid IVs that satisfied three, the reaction product of ethylene oxide with hemoglobin, was utilized to quantify cumulative ethylene oxide exposure for the past 4 months (18, 19). Hemoglobin adducts of ethylene oxide has been testified as a significantly sensitive mark for ethylene oxide exposure because of its longer half-life in vivo. Washed-packed blood samples supplied by participants in the morning were processed and stored under −30°C conditions until shipped to the National Center for Environmental Health for evaluation. The modified Edman reaction by high-performance liquid chromatography coupled with tandem mass spectrometry (HPLC-MS/MS) was utilized to assess HbEO in human whole blood or erythrocytes, using the reaction products with the N-terminal valine residue of the hemoglobin protein chains (N-[2-carbamoyl ethyl] valine and N-[2-hydroxycarbamoyl-ethyl] valine ethylene oxide adducts) measured. The results of measurements were exhibited as pmol/g Hb. The accuracy of the test results conformed the quality control and quality assurance performance standards of the NCEH Laboratory Sciences Division. More details of the measurement are available at the NHANES Laboratory/Medical Technologist Procedures Manual.2



2.4 Covariates

Additional covariates related to periodontitis were comprehensively incorporated in our study, including: (1) demographic characteristics: age (<50, 50~70, and ≥70), gender (male and female), ethnicity (Mexican American, other Hispanic, non-Hispanic white, non-Hispanic black, and other race including multi-racial), alcohol consumption (<12 alcohol drinks/year and ≥12 alcohol drinks/year), smoking (<100 cigarettes in life and ≥100 cigarettes in life). (2) physical examinations parameters: BMI (<25 kg/m2 and ≥25 kg/m2). (3) medical conditions: diabetes (yes and no). These 7 cofounding factors have all been identified as risk factors of periodontitis (20–23).

Alcohol users were defined as participants who consumed at least 12 alcohol drinks in a single calendar year. Smokers were defined as individuals who had lifetime use of ≥100 cigarettes. BMI was calculated by dividing the weight (kg) by the square of height in meters (m2). The diabetes status was identified according to previous self-reported. Individuals who answered “yes” to the question “Have you ever been told by a doctor or other health professional that you had diabetes?” were confirmed the presence of diabetes.



2.5 Statistical analysis

Given to the elaborate sampling design of NHANES, we implemented sample weighting, clustering, and stratification during statistical analysis process. R package “survey” with command “svydesign” was utilized to consider stratified multistage representative sample settings of NHANES (24). Kolmogorov–Smirnov statistical test was conducted in advance to detect the normal distribution of continuous variables. Categorical variables were analyzed by chi-square tests and presented as proportions (%). Continuous variables were presented as the mean ± standard deviation (SD) with normal distribution or medians (IQRs) with non-normal distribution. For normally distributed continuous variables, student t-test was applied to examine the difference, while Mann–Whitney U-test for non-normally distributed variables. Log2-transformed HbEO levels were divided into four intervals in accordance with quartiles and multiple logistic regression models were performed to estimate odds ratios (OR) and 95% confidence intervals (95% CI). In addition, we designed three logistic regression models to assess potential relationship between HbEO and periodontitis. Model 1 was a crude model with no covariates adjusted. Model 2 was adjusted for age, gender and ethnicity. Model 3 was adjusted for all covariates, including age, gender, ethnicity, alcohol consumption, smoking, BMI, and diabetes. Base on this extended model, we carried out restricted cubic spline (RCS) with three knots for dose–response analysis. Subgroup analysis was conducted according to age, gender, ethnicity, alcohol consumption, smoking, BMI and diabetes, as the same way in Model 3. Moreover, we performed multivariable linear regression to appraise the association between the risk of periodontitis and different indicators of inflammation, including white blood cells, neutrophils, Lymphocytes, and monocytes. Mediation analysis was subsequently performed to examine whether ethylene oxide exposure contributed to periodontitis development through systemic body inflammation. All data analysis was operated in R (version 4.1.3) and Python. Two-side p < 0.05 was regarded as statistically significant.




3 Results


3.1 Baseline characteristics

We enrolled 1,065 appropriate participants from NHANES 2013–2014 cycle for data analysis. As demonstrated in Figure 2, periodontitis group has a significantly higher log2-transformed HbEO levels than non-periodontitis group (p < 0.001).

[image: Figure 2]

FIGURE 2
 Log2-transformed HbEO levels in non-periodontitis group and periodontitis group.


More details about baseline characteristics are presented in Table 1. Overall, 502 (47.1%) participants were diagnosed as periodontitis. Participants with periodontitis were more likely to be older, male (59.96%), non-Hispanic black (40.24%), and smokers (55.58%). While no significant difference was observed in alcohol consumption (p = 0.1691), BMI (p = 0.5946), or diabetes (p = 0.1221).



TABLE 1 Characteristics of participants based on PD status.
[image: Table1]



3.2 Association between HbEO and periodontitis

The association between HbEO and periodontitis is presented in Table 2. We carried out univariate logistic regression analysis to investigate overall association between continuous log2-transformed HbEO and the prevalence of periodontitis, with a notable difference detected in crude model 1(OR = 1.49, 95% CI = 1.28–1.73, p < 0.001). This association remained stable after adjusting for covariates in both model 2 (OR = 1.57, 95% CI = 1.28–1.92, p < 0.001) and model 3 (OR = 1.49, 95% CI = 1.14–1.95, p = 0.014) by multivariate logistic regression analysis.



TABLE 2 Multivariate logistic regression analysis of log2-transformed HbEO for risk of PD.
[image: Table2]

Compared with Q1 group for reference, Q4 group indicated a higher risk of periodontitis in all three models: model 1 (OR = 4.18, 95% CI = 1.83–9.58, p = 0.003, P for trend < 0.001), model 2 (OR = 5.18, 95% CI = 1.65–16.22, p = 0.012, P for trend = 0.030), and model 3 (OR = 4.30, 95% CI = 0.50–36.89, p = 0.010, P for trend = 0.014).

The restricted cubic spline (RCS) curve also revealed a positive nonlinear correlation of log2-transformed HbEO levels with the risk of periodontitis in both adjusted and unadjusted model (Figure 3; p for non-linearity < 0.001). Briefly, higher HbEO levels were associated with an increased risk of periodontitis.

[image: Figure 3]

FIGURE 3
 Restricted cubic spline (RCS) plots of the association of HbEO levels with periodontitis. (A) Model 1: no covariates adjusted; (B) Model 2: adjusted for age, gender, and ethnicity. (C) Model 3: adjusted for all covariates. OR, odd ratio; (CI), confidence interval; HbEO, hemoglobin adducts of ethylene oxide.




3.3 Subgroup analysis

As shown in Table 3, no significant interaction was identified (all p for interaction > 0.05) in all subgroups. The influence of HbEO on periodontitis was generally consistent among different age, gender, alcohol consumption, smoking, BMI, and diabetes subgroups. Notably, the association between ethylene oxide and periodontitis was non-significant among participants aged ≥70 (OR = 1.75, 95% CI = 0.53–5.75) or smoked ≥ 100 cigarettes in life (OR = 1.09, 95% CI = 0.65–1.82).



TABLE 3 Subgroup analysis of the association of HbEO levels with PD.
[image: Table3]



3.4 Mediation analysis

Multiple linear regression analysis demonstrated that there were significant correlations between log2-transformed HbEO and white blood cells (β = 0.34, 95% CI = 0.25–0.43, p < 0.001, SE = 0.05), neutrophils (β = 0.22, 95% CI = 0.15–0.30, p < 0.001, SE = 0.04), lymphocyte (β = 0.09, 95% CI = 0.06–0.12, p < 0.001, SE = 0.02), and monocyte (β = 0.02, 95% CI = 0.008–0.025, p < 0.001, SE = 0.004; Table 4).



TABLE 4 Multiple linear regression of log2-transformed HbEO with inflammatory indicators.
[image: Table4]

In addition, mediation analysis identified a mediation proportion of 14.44% (p < 0.001) for white blood cells (Supplementary Figure S1), 9.62% (p < 0.001) for neutrophils (Supplementary Figure S2), 6.17% (p = 0.006) for lymphocyte (Supplementary Figure S3), and 6.72% (p < 0.001) for monocyte (Supplementary Figure S4).




4 Discussion

To our knowledge, this is the first large-scale cross-sectional study investigating the association between environmental ethylene oxide exposure and periodontitis risk among adults in the United States and the mediation effects of systemic inflammation (including white blood cell count, neutrophil count, lymphocyte count, and monocyte count). We identified that participants with higher HbEO showed higher risk of periodontitis, which was partially mediated by systemic inflammation (Table 5).



TABLE 5 The mediation effects of inflammatory indicators on the association between log2-transformed HbEO and PD.
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It is well-established that periodontitis is a systemic inflammatory disease with complex etiologies at multiple levels, including environmental pollutant exposure, genetics, dysbiotic microbe infection and life styles (3, 25, 26). The prevalence rate of periodontitis in this study was 47.1%, which was generally in line with epidemiological trend report in US but lower than the pool estimate rate of 62% reported by a recent meta-analysis (27, 28). The prevalence rate difference might derive from different population settings and diagnostic criteria and cofounded by the age of participants. Notably, the application of full-mouth periodontal examination combined with details on demographic information and medical conditions among NHANES participants aged more than 30 provided a relatively more precise estimate for periodontitis prevalence (27). Since environmental risk factor like cigarette smoking is considered as one of the most important modifiable risk factors for periodontitis prevention and treatment, identifying potential environmental risk factors is critical to periodontitis management (29). Previous studies have shown that exposure to ethylene oxide have mutagenic and genotoxic effects and can produce numerous unfavorable health impacts (30–32). Given the potential mutagenic and genotoxic effects of ethylene oxide, it has been long hypothesized that ethylene oxide exposure from both skin and respiratory tract can increase the risk of malignancies (33–35). A recent cohort study based on the US Environmental Protection Agency’s Toxics Release Inventory found that participants locating within 10 km from EtO-emitting sites showed increased risk of in situ breast cancer but not invasive breast cancer or non-Hodgkin lymphoma (10). And occupational exposure to ethylene oxide might increase mortality risk from lymphatic and hematopoietic malignancies (36). However, the relationship between ethylene oxide exposure and risk of malignancies remains controversial. A recent systematic review assessing the potential carcinogenicity of ethylene oxide exposure from respiratory tract suggested that there was no association between ethylene oxide exposure and breast cancer, stomach cancer, and lymphohematopoietic malignancies (31). Mundt et al. stated that there was only limited evidence supporting a causal association between ethylene oxide exposure and risk of malignancies (37). As for non-malignant diseases, He et al. reported that people with higher HbEO showed an increased risk of chronic obstructive pulmonary disease (COperiodontitis) partially mediated by inflammation (11). The prevalence rates of hypertension and high diastolic blood pressure were also significantly higher among people with higher HbEO level (38). Elevated level of HbEO was also associated with higher HbA1c, lower high-density lipoprotein cholesterol, and higher risk of diabetes mellitus (39). Peng et al. also reported a dose-dependent risk of kidney stones among people exposed to ethylene oxide (40). A significantly increased risk of spontaneous abortion and pregnancy loss was associated with ethylene oxide exposure during pregnancy. However, there is no existing study concentrating on the relationship between ethylene oxide exposure and periodontitis among general population. The current study found that people with higher HbEO level had significantly increased risk of periodontitis.

The underlying mechanism linking ethylene oxide exposure to incident periodontitis are still unclear. Our results firstly demonstrated that systemic inflammation could contribute to periodontitis development when people exposing to ethylene oxide based on epidemiological analysis, which was generally in line with previous researches. Inflammation was considered as a core part of periodontitis pathogenesis for a long period of time (41–43). Periodontitis patients always showed an obvious systemic inflammatory condition with increased level of white blood cells, segmented neutrophils, and inflammatory cytokines (44, 45). Both innate and adaptive immune response are involved in host–pathogen interactions and produce systemic pro-inflammatory milieu with elevated levels of interleukins, interferon-γ, tumor necrosis factor, and antibodies against microbial biofilm in dental plate (25). Furthermore, this host-pathogen interaction could impair periodontal epithelium leading to systemic periodontal pathogen invasion and produce harmful consequences (25, 46). Mendes et al. reported that diet-induced inflammation was associated with higher risk of periodontitis, which was partially mediated by systemic body inflammation (47). Previous studies have also indicated a significant association between ethylene oxide exposure and inflammation. Lynch et al. firstly discovered that long-period ethylene oxide exposure through respiratory tract cause inflammatory lesions in F344 rats (11, 13). Short-term repeated inhalation of ethylene oxide produced inflammatory response in rats and caused moderate to severe alveolitis after 5-day exposure (48). Sterilization procedures using ethylene oxide has also been suspected for producing post-operative inflammatory for many years (49–51). Li et al. found that ethylene oxide exposure was closely linked with unfavorable serum lipid profiles, with systemic inflammation as a key mediator (18). ethylene oxide exposure might increase the risk of asthma in general population similarly mediating by systemic inflammation (52).

This study possesses multiple strengths. Firstly, this is the first large-scale cross-sectional study assessing the association between HbEO and periodontitis risk among United States residents from NHANES. A subsequent mediation analysis was also conducted. Important cofounders for periodontitis like smoking, alcohol consumption and diabetes were adjusted. Sample weights for NHANES were carefully considered, and the STROBE guideline was followed when reporting our results. Lastly, ethylene oxide has become the mostly preferred sterilization method for medical devices because of its effective bactericidal, sporicidal, and virucidal activity (8). And the sharp increases in the demand for personal protective equipment (PPE) during COVID-19 pandemic may also increase the chance of ethylene oxide exposure. Unlike individual genetic susceptibility for periodontitis, environmental risk factors are considered comparatively modifiable, thus residue control of ethylene oxide is required and practical for periodontitis management.

However, this study still had some limitations. Firstly, the cross-sectional study design hindered us to make causal inference between HbEO and risk of periodontitis. Although NHANES analytical protocol recommended combine different cycles to recruit more participants and improve the stability of data estimates, we only select NHANES 2013–2014 because only this cycle documented full information on both HbEO and periodontitis (53). Although the association between ethylene oxide exposure and periodontitis could be affected by other environmental pollutant exposure, such as heavy metals and multiple polyaromatic hydrocarbons (54, 55), we could not consider these above due to limited participant number. And we did not classify the severity of periodontitis in our statistical analysis due to limited number of participants. To be noted, since only ethylene oxide levels for those age ≥ 30 was documented in NHANES, we could not incorporate age groups ≤ 30 into statistical analysis. The definition of smoking and alcohol consumption was solely based on personal interview, where recall bias was inevitable. Although HbEO was considered as a cumulative indicator for ethylene oxide exposure for at least 4 months, it would be better if ethylene oxide exposure was measured dynamically (18, 19). Lastly, we could not avoid residual confounding because of the complex etiopathogenesis of periodontitis.



5 Conclusion

Participants with higher ethylene oxide exposure showed higher risk of periodontitis, which was partially mediated by systemic body inflammation. More well-designed longitudinal studies should be carried out to validate this relationship.
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Characteristics Recruited for Proportion

cohort (N) (%) or Mean

Gender

Male 231 333

Female 462 66.7

Age (years) 693 (50-80) 66.1%
Height (cm) 671 162.0*
Weight (kg) 670 64.5*
BMI (kg/m?) 670 24.1%
Educational level

Junior high school or lower 185 26.7

High school or technical 223 32.1

secondary school

Undergraduate or junior college 258 373

Postgraduate or higher 9 13

Respiratory/allergic disease

Asthma 102 14.7
COPD 77 10.6
Allergic rhinitis/pharyngitis 401 57.9
Eczema/urticaria/dermatitis 247 356
Food/drug allergy 60 87
Bronchitis/bronchiectasis 247 35.6
Emphysema 81 1.7
Hypertension 165 23.8
Diabetes 92 133
Other 51 74

The original location of residence

Heilongjiang province 280 40.9
Jilin province 71 10.4
Liaoning province 82 120
Inner Mongolia Autonomous 40 5.8
Region

Xinjiang Uygur Autonomous 21 31
Region

Gansu province 6 09
Shanxi province 6 09
Beijing 48 6.9
Hebei province 51 7.4
Tianjin 10 14
Shaanxi province 26 38
Other 28 4.0
Sanya, > 5 years 15 22

BMI, Body mass index; COPD, chronic obstructive pulmonary disease; * Mean.
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Demographics/socioeconomic | Date of birth, ethnicity, educational level,
factors working status, sex, previous location of
residency, and location and duration of
current residency

Physical examination Height, weight, BP, and lung function

Lifestyle Diet, smoking, exercise, sleep, work, and
living environments

Medical history Allergic history, and family history of
respiratory and allergic diseases

QoL evaluation AQLQand SGRQ

BP, Blood pressure; QoL quality of life; AQLQ, Asthma Quality of Life Questionnaire; and
SGRQ, Saint George Respiratory Questionnaire.
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Number of cases/ 15 0 2 7 50
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Provinces Average ERs Excess deaths

per km?

Tibet 1.03% 0.0002

njiang 301% 0.0045
Inner Mongolia 3.44% 0.0078
Gansu 317% 00169
Qinhai 1.29% 0.0013
Ningxia 3.89% 0.0291
Sichuan 179% 0.0459
Shaanxi 330% 0.0462
Shanxi 3.46% 00771
Chongging 3.00% 0.0896
Yunnan 1.22% 00167
Guizhou 4.09% 0.0592
Guangxi 417% 0.0611
Henan 3.06% 0.1448
Hubei 3.33% 0.0935
Hunan 4.18% 0.1230
Guangdong 336% 0.0962
Hebei 3.32% 0.1072
Beijing 288% 0.2376
Tianjin 289% 0.1566
Shandong 3.54% 0.1878
Anhui 361% 0.1626
Jiangsu 3.57% 01976
Zhejiang 347% 0175
Jiangxi 406% 0.0756
Fujian 279% 00486
Shanghai 3.03% 05091
Heilongjiang 3.25% 0.0280
Jilin 3.23% 0.0466
Liaoning 3.26% 0.1159
Hainan 1.69% 00270
Taiwan 115% 0.0536

Average 275% 0.0381
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Temperature (°C) Mean Maximum Mean relative Sea level pressure (hPa)

The reduced Mean wm(:]s/;s)'eed fundijGo Min Max
temperature of the
process
Hohhot 1733 -899 474 3513 1009.20 1052.90
Liliang 1971 —483 525 4226 1005.90 105210
Nanjing 17.57 8.8 628 6359 100240 103620
Nanchang 1836 651 807 8144 1007.70 1035.90
Hefei 1735 756 409 7077 100660 1040.40
Hangzhou 1664 9.6 602 8781 1007.80 1037.00
Nanning 1893 17.65 762 88.06 1006.70 1027.80
Qingdao 1947 s 1109 6133 1010.00 104110
Changsha 19.05 855 874 8331 1005.60 1037.60
Guiyang 277 10.12 750 8011 998.10 1034.10
Urumgi 1627 ~13.80 378 68.44 101280 1057.00
Lanzhou 15.87 ~497 332 5469 100280 1045.90
Yinchuan 1678 -472 397 3878 1003.80 1052.10

Yulin 1961 —6.14 578 38.44 1007.80 1053.60
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Variables Daily measures No. of days

Minimum istQ Median Maximum
Deaths ()
Nonaccidental 14622 95 130 142 158 242 1,096
Cardiovascular 61214 E) 55 62 7 125 1,09
Respiratory 1756 4 13 16 20 38 1,09

Environment variables

Mean temperature (°C) 1565+ 1097 -1430 300 1565 2110 3260 1,09
Relative humidity (%) 53.00 + 20.03 8.00 37.00 53.00 69.00 99.00 1,096
PM,; (pg/m’) 78.97 £ 7041 7.68 30.00 59.73 104.44 47743 1,096
O, (pg/m’) 118.10 + 72.17 2.00 60.70 100.10 170.20 348.10 1,096

15t Q. first quartile; 3rd Q, third quartile.
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Total effects Indirect effects Direct effects

Mediators MICETER]

$1(95%CI) 1(95% CI) $(95% CI) proportion (%)
‘White blood cell count 0.05 (0.04,0.050) 0.01(0.003,0.01) 0.04 (0.03-0.05) 14.44 <0.001
Neutrophil count 0.05 (0.04,0.05) 0.005 (0.002,0.01) 0.04 (0.04,0.05) 9.62 <0.001
Lymphocyte count 0.05 (0.04,0.05) 0.003 (0.001,0.01) 0.04 (0.04,0.05) 6.17 0.006
Monocyte count 0.05(0.04,0.05) 0,003 0.001,001) 0.04(0.04,0.05) 672 <0001

This model was adjusted for age, gender, ethnicity, alcohol consumption, smoking, BMI, and diabetes. HBEO, hemoglobin adducts of ethylene oxide; CI, confidence interval
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Mediators p 95% CI alue SE
White blood cell count 034 0.25-0.43 <0.001 005
Neutrophil count 022 0.15-030 <0.001 004
Lymphocyte count 009 006-0.12 <0.001 002
Monocyte count 002 0008-0025  <0.001 0.004

This model was adjusted for age, gender,ethnicty, alcohol consumption, smoking, BMI, and
diabetes. HbEO, hemoglobin adducts of ethylene oxide; CI, confidence interval; SE, standard
error.





OPS/images/fpubh-12-1338319/fpubh-12-1338319-t003.jpg
\ELELIES OR 95% ClI p for interactiol

Age 0.6611

30-49years 149 101-2.18

50-69years 135 1.01-182

>70years 175 053-5.75

Gender 0.6859

Male 155 102-235

Female 147 116-186

Alcohol consumption 0.6569

<12alcohol drinks/year 187 114-308

>12alcohol drinks/year 146 112191

Smoking 0.2691
157 117-2.10

2100 cigarettes in life 109 0.65-182

BMI 09291

<250 146 118-182

2250 152 111-209

Diabetes. 0.6021

Yes 142 110-1.83

No 164 103-261

HbEO, hemoglobin adducts of ethylene oxide; OR, odds ratio; C, confidence interval; BMI, body mass index.
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Percentage change% (95% CI)

Air pollutants

Nonaccidental Cardiovascular Respiratory
Single-pollutant models
PM,* 0.32(021,043)* 0.36(0.21,052)* 0.43(0.28,0.58)*
or 0.22(0.08,036)" 037 (0.21,053)* 0.25(0.12,037)*
PM, 0.29(0.17,041)* 041 (0.12,070)* 0.42(0.18, 0.66)*
o’ 0.28 (0.08, 0.49)" 042(0.23,062)* 0.31(0.15,047)*
Multipollutant models
O+ PM,¢ 034(0.16,0.52)* 0.43(0.21,065)* 0.46(0.23,0.70)*
O+ PM, 0.58 (0.20,096)* 0.79 (046, 1.12)* 0.75 (042, 1.089)*

‘During the whole period.
‘During the CAP period of co-occurring air pollution of PM;. and O,
“indicates p < 0.05,





OPS/images/fpubh-11-1239378/crossmark.jpg
(®) Check for updates






OPS/images/fpubh-11-1239378/fpubh-11-1239378-e001.jpg
log(E[X:]) = a+ Beb(Xo )+ ns(time.dfs) +
ns(meteorological factors.dfs)
+ns(air pollutions.dfs) + as. factor (DOW ) +
as.factor (holiday)

(1)
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VEUELIES D group (N = 56 PD group (N =502) Value of p
Age (years) <0.0001
(median [IQR]) 47.000 (38.000, 59.000] 55.000 [43.000, 65.000]

Gender, n (%) <0.0001
Male 230 (40.85) 301 (59.96)

Female 333 (59.15) 201 (40.04)

Ethnicity, 1 (%) 00255
Mexican American 73 (12.97) 82(16.33)

Other Hispanic 48(8.53) 42(8.37)

Non-Hispanic white 261 (46.36) 202 (40.24)

Non-Hispanic black 94 (16.70) 14271

Other race including multi-racial 87(15.45) 62(12.35)

Alcohol consumption, 1 (%) 0.1691
<12 alcohol drinks/year 160 (28.42) 123 (24.50)

212alcohol drinks/year 403 (71.58) 379 (75.50)

Smoking, n (%) <0.0001
<100 cigarettes in life 364 (64.65) 223 (44.42)

2100 cigarettes in life 199 (35.35) 279(55.58)

BMI (kg/m?) 0.5946
<250 155 (27.53) 130 (25.90)

2250 408 (72.47) 372(74.10)

Diabetes, 1 (%) 01221
Yes 65 (11.55) 75 (14.94)

No 498 (88.45) 427 (85.06)

BMI, body mass index.
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Adjusted percent change (95% Cls)

PM,5

PM;o

Age
<60
260
palue

Gender
Male
Female
palue

BMI
<25
225

palue

292(-13.75,22.79)
1038 (2.93,18.37)*
047

2224 (6.52,40.29)*
246 (~3.54,8.83)

0.02%

5.97 (~3.98,16.96)
1097 (0.51,22.53)*

052

0.47 (-9.88,12)
1053 (4.37,17.05)*

013

24.1(8.98,41.31)%
499 (~083,11.15)

0.02¢

6.19 (~0.87,13.75)
9.53 (1.61,18.07)*

055

~037(-7.19696)
6.84 (2.48,11.39)*
01

7.2(-202,17.3)
3.78 (~0.06,7.76)
051

4,06 (0.59.8.93)
6.17 (0.47,12.2)*

058

05(-3.73,4.91)
4.18 (1.61,6.82)*
016

4,67 (~1.02,10.68)
2.64(0.31,5.03)*
053

2.95(0.12,5.85)%
4.14(0.70,7.70)*

061

—141(-8.18,5.86)

—4.90 (~8.62,-1.04)*

039

~6.28 (~15.06,3.4)
=275 (~6.11,0.74)
049

~3.95 (~7.67,-0.08)*
~418(-9.38,1.33)

095

PM,, PM.., PM,, particulate matter with an aerodynamic diameter <1, 2.5,10um; CO, carbon monoxide; CI, confidence intervals BMI, body mass index. “The value of p in a z-test assesses the

ignificance of coefficient differences between two model groups. *p<0.05. The bold value were satistical significant data.
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°Lag0 year 2Lag01 year Lag02 year Lag03year Lag04 year

Mean (Range) Mean (Range) Mean (Range) Mean (Range) Mean (Range)
PM, (pg/m’) 33026810 432) 334(28810413) 349 (30510 41.6) 364(3251041.5) 373 (32410 432)
PM,. (ug/m) 516(3991070.3) 514 (406 10 66.6) 54.4(4531066.7) 570 (48410 67.9) 606(5221071.6)
PM, (pg/m’) 886 (66310 118.4) 869 (65,810 116.1) 908 (716 10 1189) 948 (77.110 121.7) 997 (83.410125.3)
SO, (ug/m’) 165 (13.11020.8) 187 (140 1025.7) 212(1581030.6) 233(17.210343) 257 (18710 38.4)
NO, (ug/m’) 414(368 10 487) 40.4(35.1 10 46.9) 40.1(33.1 10 46.2) 40.1 (31710 462) 405 (321 10 46.0)
€O (mg/m?) 09(0.71009) 09(07101.0) 090710 1.1) 10(07101.2) 10(07101.2)
O (ng/m’) 1079 (100210 119.8) 106.0(97.5 10 118.8) 1044 (96410 117.5) 1032 (955 t0 116.0) 1021 (947 t0 115.0)
IE";'hEm" DalyDos (7 | s (181102599 | 2333138002496 | 2318 (2131 10 2:465) 2294 (2117 0 2,449) 2322213910 2,505)
Temperature (°C) 169 (15.7 10 18.2) 169 (15810 18.2) 167 (15710 17.9) 166 (15610 17.8) 166 (15710 17.8)
Humidity (%) 729(6691075.8) 742(69.11077.2) 739 (68410 76.9) 735(68.01076.3) 728(67.71075.5)

‘Lag0 year: The average exposure in the year immediately before the survey day: Lag01 (~04) year: The average exposure over the 2years (~5years) preceding the survey day. *Erythemal Daly
Dose (J/m’): Thi refers to the total amount of ultraviolet (UV) radiation exposure that the Earth surface receives in a day; which may cause erythema (skin redness or sunburn). It epresents
the cumulative UV radiation dose within a day.
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Characteristic Osteoporosis

Number 2361 356 (15.1%) 2005 (84.9%)

Gender <o0r
Male 996 (42.2%) 36 (3.6%) 960 (96.4%)
Female 1,365 (57.8%) 320 (23.4%) 1,045 (76.6%)

Age 579497 644578 567496 <001
<60 1,270 (53.8%) 87 (6.9%) 1,183 (93.1%)
260 1,091 (46.2%) 269 (24.7%) 822(75.3%)

BMI 251434 240436 233434 <o0r
<25 1,232 (52.2%) 237 (19.2%) 995 (80.8%)
225 1,129 (47.8%) 119 (10.5%) 1,010 (89.5%)

Values are 1, n (%) or means SD. “The comparison s being made regarding the distribution differences of cases and non-cases across different gender, age, or BMI groups.
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OR (95% CI)

H——f——> 2,05 (0.93 to 4.51)
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—— 1.37 (1.08 to 1.74)
e 1.49 (0.98 to 2.27)
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et 1.32 (1.01t0 1.73)
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3

o
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w
Lower Risk Higer Risk

P for heterogeneity

0.123
1.000
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1.000
1.000
1.000
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0.249
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HSI=2.04901523x T~ 42,379 +10.14333127 x RH
~0.22475541x T x RH - 0.00683783 x T
~0.05481717x RH? +0.00122874 x RH x T2
+0.00085282x T x RH? ~0.00000199x 72 xRH? (1)
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Model 1 Model 2 Model 3

Somicy e PUEEPT pawe  AGEEP pvae
Continuous log2-HbEQ 149 (1.28-1.73) <0.001 157(1.28-1.92) <0001 149 (1.14-195) 0014
Qi group. Reference Reference Reference
Q2 group. 1.97 (1.05-3.69) 0037 0.095 172 (042-7.11) 0241
Q3 group. 543 (276-1072) <0.001 7.71(321-1851) 0.001 632(1.29-30.94) 0038
Q4 group. 4.18(1.83-9.58) 0.003 5.18 (1.63-16.22) 0012 4,30 (0.50-36.89) 0010
Pfortrend <0.001 0.030 0014

Model 1 was a crude model with no covariates adjusted. Model 2 was adjusted for age, gender, and ethnicity. Model 3 was adjusted for all covariates. HbEO, hemoglobin adducts of ethylene
oxide; OR, odd ratio; CI, confidence interval.
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Variables
Visits

Total

Gender

Male

Female

Age (years)
<65

265

Season

Cold

Warm

Air pollutant concentration
CO (mg/m’)
NO: (ug/m’)
SO; (ug/m’)
PMy, (ug/m’)
PM,: (pg/m)
0:-8h (pg/m’)
Meteorological conditions
Temp (°C)
RH (%)

SSD (h)

RH (mm)

n (%)

23,475 (100.00)

11,088 (47.23)

12,387 (52.77)

21,123 (89.98)

2,352 (10.02)

11,589 (49.37)
11,886 (50.63)

Mean +sd

1286£9.45

60744386

6784535

1157£8.44

129166

1279£9.56

12924933

084028

403141776

10556.08

76173890

522943341

86.32£44.01

1685£9.21

765141199

4924402

3184888

0.00

000

0.00

0.00

0.00

0.00

0.00

030

9.00

200

800

600

4.00

-620

39.20

000

000

5.00

200

200

400

0.00

400

500

0.60

27.00

600

48.00

29.00

52,00

860

68.70

040

0.00

1200

5.00

6.00

1100

100

1200

1200

0.80

36.00

9.00

7100

44.00

79.00

17.60

77.00

510

0.00

19.00

9.00

10.00

17.00

200

19.00

18.00

100

5100

13.00

97.00

66.00

11500

2450

85.70

850

160

Max

57.00

3100

30.00

47.00

1200

50.00

57.00

260
12500
5100
308.00
237.00

241,00

34.80
98.30
1290

13400
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