

[image: image1]
Assessing future heat stress across China: combined effects of heat and relative humidity on mortality









 


	
	
TYPE Original Research
PUBLISHED 03 October 2023
DOI 10.3389/fpubh.2023.1282497






Assessing future heat stress across China: combined effects of heat and relative humidity on mortality

Guwei Zhang1,2,3, Ling Han4, Jiajun Yao5, Jiaxi Yang1,2,3*, Zhiqi Xu1,2,3*, Xiuhua Cai6, Jin Huang7 and Lin Pei1,2,3


1Institute of Urban Meteorology, China Meteorological Administration, Beijing, China

2Key Laboratory of Urban Meteorology, China Meteorological Administration, Beijing, China

3Key Laboratory of Transforming Climate Resources to Economy, China Meteorological Administration, Chongqing, China

4National Key Laboratory of Intelligent Tracking and Forecasting for Infectious Diseases, National Institute for Communicable Disease Control and Prevention, Chinese Center for Disease Control and Prevention, Beijing, China

5Shengzhou Meteorological Bureau, Shaoxing, China

6Chinese Academy of Meteorological Sciences, Beijing, China

7Chifeng City Center Hospital Ningcheng County, Chifeng, China

[image: image2]

OPEN ACCESS

EDITED BY
 Zhaobin Sun, Chinese Academy of Meteorological Sciences, China

REVIEWED BY
 Siguang Zhu, Nanjing University of Information Science and Technology, China
 Zhang Shuwen, Beijing University of Chinese Medicine, China

*CORRESPONDENCE
 Jiaxi Yang, jxyang@ium.cn 
 Zhiqi Xu, zqxu@ium.cn

RECEIVED 24 August 2023
 ACCEPTED 15 September 2023
 PUBLISHED 03 October 2023

CITATION
 Zhang G, Han L, Yao J, Yang J, Xu Z, Cai X, Huang J and Pei L (2023) Assessing future heat stress across China: combined effects of heat and relative humidity on mortality. Front. Public Health 11:1282497. doi: 10.3389/fpubh.2023.1282497

COPYRIGHT
 © 2023 Zhang, Han, Yao, Yang, Xu, Cai, Huang and Pei. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
 

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.
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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.
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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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