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A decade of China’s air quality monitoring data suggests health impacts are 
no longer declining

Ben Silver * , Carly L. Reddington , Yue Chen , Steve R. Arnold
School of Earth and Environment, University of Leeds, Woodhouse Lane, Leeds LS2 9JT, UK

A B S T R A C T

China’s national air quality monitoring network has revealed a rapid improvement in air quality during the 2010s, during which fine particulate matter (PM2.5) and 
other priority pollutant levels fell, except for ozone, which concurrently increased. However, recent changes in China’s economic outlook mean that the future 
trajectory of China’s air quality is highly uncertain. Here we analyse the last 10 years of air quality monitoring data to assess whether China’s air quality has 
continued to improve in recent years. We find that the period of steep negative trends in PM2.5 observed during 2014–2019 (− 2.47 µg m− 3 year− 1) has ended, slowing 
to − 0.18 µg m− 3 year− 1 during 2021–2024. Meanwhile, ozone levels continued to increase during 2021–2024, with a trend of 2.06 µg m− 3 year− 1. We demonstrate 
that population PM2.5 exposure in China can be accurately constrained using only surface monitoring station data, and we use this to estimate future health impacts 
under three observationally-based future PM2.5 scenarios. We show that the current government PM2.5 reduction target is insufficient to sustain the decrease in PM2.5- 
attributed mortality that was achieved during 2014–2019, and a ~2 times more ambitious target is needed to offset the effects of China’s ageing population.

1. Background

Although it has rapidly improved in recent years, poor air quality 
remains a serious environmental concern in China, with long-term 
exposure to fine particulate pollution (PM2.5) being the fourth highest 
risk factor for deaths and years lived with disability, while ozone 
exposure ranks as the twentieth (Zhou et al., 2019). China no longer 
suffers from the most PM2.5-attributed deaths globally, having been 
overtaken by India (Li et al., 2023), but China is still estimated to suffer 
the largest burden in terms of the economic costs to healthcare (Yin 
et al., 2021). China has recently announced a new target of achieving 
national average PM2.5 concentrations of 25 µg m− 3 by 2035 (Reuters, 
2024), and aims to peak its CO2 emissions by 2030 (Green and Stern, 
2017). However, as the country faces economic challenges, balancing 
environmental commitments with maintaining economic growth may 
become more challenging (Chai et al., 2021).

China’s air quality rapidly deteriorated alongside its rapid economic 
growth during the 1980s and 1990s (Li et al., 2016; Qu and Han, 2021). 
The 2000s ushered in a period of greater government attention to air 
pollution controls, initially focussed on reducing acid rain (Hao et al., 
2001). This period saw greater enforcement of air quality standards, an 
increase in monitoring, and a start to the rollout of air pollution control 
technologies (Beyer, 2006; Florig et al., 2002; Schreifels et al., 2012). 
The 11th Five Year Plan (2006–2010) is seen as a turning point where air 
quality control policy began to be prioritised, with air quality 

improvement targets becoming mandatory for local governments (Lu 
et al., 2020; Schreifels et al., 2012). By the end of the decade, it was clear 
that measures such as the implementation of flue gas desulphurisation 
on coal-fired power plants had resulted in reduced SO2 concentrations 
(Krotkov et al., 2016; Lu et al., 2010; Schreifels et al., 2012; Silver, 2021; 
Wang et al., 2014). In contrast, observations during this period showed 
that PM2.5, ozone and NO2 concentrations were continuing to increase 
across much of China (Chang et al., 2017; Han et al., 2015; Krotkov 
et al., 2016; Ma et al., 2016; Peng et al., 2016; Verstraeten et al., 2015), 
as rapid development continued, and air quality control policies had not 
yet begun to seriously address sources of these pollutants (Jin et al., 
2016).

PM2.5 concentrations continued to increase until around 2013 (Ma 
et al., 2019). Public concern over poor air quality began to put pressure 
on the government to implement policies to control poor air quality 
(Brimblecombe and Zong, 2019; Jin et al., 2011; Lu et al., 2018; Zhang 
et al., 2018). Following an episode of severe haze that affected 800 
million people across much of Northern and Eastern China (Ferreri et al., 
2018; Huang et al., 2015), the government issued the ‘Air Pollution 
Prevention and Control Action Plan’ (henceforth, the ‘Action Plan’), 
containing measures to rapidly reduce PM2.5 concentrations by con
trolling emissions from the industrial, transport, and domestic sectors 
(Jin et al., 2016; Zheng et al., 2018). Control of China’s air quality 
monitoring stations was centralised under the China National Centre for 
Environmental Monitoring (CNEMC) and the monitoring network was 
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expanded, with >1300 monitoring stations included from 2015 (Luo 
et al., 2022). The centralisation of the monitoring network helped to 
avoid local government data manipulation that had resulted in some
what unreliable data (Andrews, 2008; Ghanem and Zhang, 2014; Stoerk, 
2016), although there is evidence to suggest that some manipulation 
may have continued (Ravetti et al., 2019; Turiel and Kaufmann, 2021).

Air pollutant measurement data from the CNEMC network has 
shown that after the Action Plan was implemented, PM2.5 concentra
tions began to fall rapidly (Kong et al., 2021; Shi et al., 2021; Silver et al., 
2018), with trends of − 6% yr− 1 observed during 2015–2019 (Silver 
et al., 2020). The steep decrease has been confirmed by satellite obser
vation studies (He et al., 2021; Ma et al., 2019), and is supported by 
bottom-up emission estimates (Zheng et al., 2018). Using satellite data, 
He et al. (2021) estimated that PM2.5 concentrations fell by ~5% year− 1 

from 45 to 36 µg m− 3 during 2013–2017. Zheng et al. (2018) estimated 
changes in anthropogenic emissions in China during 2010–2017, finding 
that there were substantial decreases of PM2.5 (27%), PM10 (38%), SO2 
(62%) and NOx (17%) emissions.

The majority of the mortality burden due to chronic air pollution 
exposure is attributed to PM2.5 (Wang et al., 2020). As a result of the 
rapid decrease of PM2.5, the estimated number of annual PM2.5-attrib
uted deaths in China has fallen during the 2010s (Yin, 2022), by 188 
thousand during 2012–2019 (Conibear et al., 2022b). Despite the 36% 
decrease in PM2.5 exposure during this period, attributed deaths only 
decreased by 9%, partly due to China’s ageing and increasing popula
tion, but also due to the sublinear relationship between PM2.5 exposure 
and health risk (Burnett et al., 2018; Conibear et al., 2022b). However, 
since PM2.5 health impact estimation typically relies on emission in
ventory or reanalysis datasets which can take several years to prepare, 
recent reliable estimates of the health impact are currently unavailable.

Meanwhile, tropospheric ozone, another pollutant known to be 
harmful to human health (Zhang et al., 2019), has seen long-term and 
widespread increases in China. Ozone also damages vegetation, which 
adds to food security pressures in China (Li et al., 2024; Tai et al., 2021). 
Ozone-attributed mortalities in China are estimated to be around an 
order of magnitude lower than those attributed to PM2.5 (Conibear et al., 
2022b; Wang et al., 2020) Background (non-urban) monitoring sites 
have recorded positive trends in ozone since the 1990s (Wang et al., 
2009; Xu et al., 2016), which were confirmed by satellite observations 
that became available during the 2000s (Verstraeten et al., 2015). Ozone 
concentrations have continued to increase since the 2013 Action Plan, 
with the CNEMC network recording a trend of 2.2 ppbv year− 1 in 
maximum daily 8-hour mean (MDA8) ozone during 2013–2019 (Lu 
et al., 2020; Silver, 2021).

A key driver of the increase in ozone is the effects of emission con
trols on abundances of its precursors, having successfully reduced NOx 
emissions, while not alleviating emissions of volatile organic compounds 
(VOC; Zheng et al., 2018). Additionally, modelling studies have sug
gested that the reduction in PM2.5 concentrations has resulted in an 
increase in ozone formation rates, due to the resulting decrease in het
erogeneous loss of hydroperoxyl radicals (Ivatt et al., 2022; Li et al., 
2019; Liu and Wang, 2020) and modified absorption and scattering of 
sunlight (Xing et al., 2017). Modelling studies predict that ozone levels 
are now peaking, as precursor emission-driven decreases in ozone begin 
to outweigh the increases due to aerosol-attributed effects (Liu et al., 
2023; Wang et al., 2023). However, the future trajectory of ozone re
mains highly uncertain due to the uncertainties remaining in model 
representations of ozone chemistry and interactions with aerosols 
(Dyson et al., 2023; Tan et al., 2020).

In recent years, global and domestic headwinds have buffeted 
China’s economy, potentially changing the trajectory of its air pollutant 
emissions. The COVID-19 pandemic and its associated lockdowns 
resulted in short-term impacts on air quality. From early 2020, lock
downs substantially decreased activity, reducing pollutant emissions 
from residential, industrial, transport and power generation sectors 
(Zheng et al., 2021). This resulted in short-term decreases in pollutant 

concentrations, particularly NO2 (He et al., 2020; Silver et al., 2020). 
Emissions had mostly returned to normal by the end of 2020 (Zheng 
et al., 2021), and economic stimulus helped growth rebound during 
2021 (Jiang et al., 2022; IMF, 2023). Nevertheless the GDP growth rate 
has continued on its long-term decreasing trend, falling from 10.6% 
year− 1 in 2010 to 5.0% year− 1 in 2023 (IMF, 2023). The near-future 
outlook for China’s pollutant emissions is unclear under the opposing 
pressures of continuing emissions mitigation while arresting the decline 
in economic growth.

Despite surface observations being essential to understanding the 
processes governing air pollution in China, which has a significant 
impact on global atmospheric chemistry and climate (Lin et al., 2012; 
Liu and Matsui, 2021; Zhang et al., 2021), the CNEMC network’s data 
remains difficult for the research community to access. The official 
government platform, https://air.cnemc.cn:18007/, does not provide 
access to historical data, with only the most recent 24h of data being 
available to view. Furthermore, it does not provide an ‘Application 
Programming Interface’ to facilitate data access. These barriers to data 
access and sharing mean that the scientific community lacks an up-to- 
date understanding of the latest trends in air quality in China. Recent 
evidence indicates that long-term trends may have been interrupted or 
reversed in recent years (Li and Zheng, 2023; Wang et al., 2023).

Here, we perform the first trend analysis of 10 years of China’s air 
quality data, using a non-linear method to reveal potential changes or 
reversals in trends. We comprehensively analyse the CNEMC data to 
show up-to-date non-linear trends to December 2024, following a 
comprehensive check and cleaning of the data for the presence of 
anomalies. We also release this data to the public, in an easy-to-use 
format, incorporating the inclusion of data quality flags. Furthermore, 
we demonstrate that China population PM2.5 exposure and associated 
health impact can be accurately quantified using the CNEMC network 
concentrations in place of gridded data, and we exploit this to inform 
future PM2.5 exposure scenarios. Using these scenarios, along with 
existing demographic projections, we estimate the future health impact 
in three scenarios covering a range of plausible exposure trajectories up 
to 2035.

2. Methods

2.1. Obtaining CNEMC data

Most studies cite the official website, https://air.cnemc.cn:18007/, 
as being the source of their CNEMC data, with a literature search for 
journal articles containing “cnemc.cn” returning 482 results (scopus. 
com, accessed 16/09/2024). However, though the website does 
display real-time data, as of August 2024, historical data are not avail
able to be downloaded from this website, making the actual source of 
data unclear. The next most commonly cited source of CNEMC data is 
third party websites. These websites ‘scrape’ global air quality data from 
official websites in real time, accumulating a data record which is made 
publicly available to download via ‘Application Programming In
terfaces’ (APIs). Examples of these websites include https://aqicn.org/
(AQICN) and https://openaq.org/ (OpenAQ). A literature search finds 
268 journal articles containing the keywords ‘China air quality’ cite one 
of these two websites as their data source (scopus.com, accessed 16/09/ 
2024). However, currently AQICN does not provide access to historical 
air pollutant data in original units at hourly time resolution, and 
OpenAQ no longer collects China’s data. Some third-party organisations 
profit by offering the data for a fee (e.g. https://data.epmap.org/pr 
oduct/nationair).

We obtain CNEMC data from https://quotsoft.net/ (last accessed 
2025–01-03; formerly known as https://beijingair.sinaapp.com/), 
which scrapes data from CNEMC and makes it available to download 
from Baidu drives, which are difficult to access for those outside China. 
Although unofficial, this website has been a commonly used source for 
researchers within China, with a literature search for ‘beijingair. 
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sinaapp’ or ‘quotsoft.net’ returning 88 results (scopus.com, accessed 16/ 
09/2024) with 82 of these including at least one author from a Chinese 
institution.

We downloaded all historical air quality data from May 13th 2014 to 
4th January 2025, obtaining > 0.81 billion hourly measurements of 
PM2.5, PM10, NO2, ozone, SO2 and CO concentrations. Since NO data is 
not available, we are limited to discussing trends in NO2 rather than 
NOx. The data are supplied with a metadata file containing the latitude 
and longitude coordinates of >2000 air quality monitoring stations.

2.2. Correcting for measurement protocol change

As highlighted by Jin et al. (2020), China updated its air pollutant 
measurement protocols in September 2018, and began using measured 
temperature and pressure to calculate aerosol pollutant (PM2.5 and 
PM10) concentrations, rather than reference conditions of 0 ◦C and 
1013.25 hPa, which had previously been used. Furthermore, for gaseous 
pollutants (ozone, NO2, SO2 and CO), the reference temperature was 
updated to 25 ◦C. We use formulae based on the ideal gas law provided 
by Jin et al. (2020) to harmonise pre-protocol change measurements 
with those taken after the change. To correct measurements of aerosol 
pollutants, we downloaded hourly ERA5 (Hersbach et al., 2020) surface 
temperature and pressure and estimated their values at the location of 
each monitoring station using bilinear interpolation. Typically, the 
correction reduces pollutant concentrations, with adjusted concentra
tions prior to the change being on average 7–9% lower depending on 
species, and up to 43% lower for aerosol pollutants at some stations.

2.3. Data cleaning procedure

As the CNEMC data released in real-time is not subject to quality 
control, it is necessary to thoroughly check the data for outliers and data 
quality issues which can influence the estimated trends if not accounted 
for. To ensure the data used to estimate trends is of good quality, we 
remove any measurement time series that have high proportions of 
missing or anomalous data. The data cleaning process is described below 
and fully summarised in Table 1.

First, we remove stations with high proportions of missing data and 
station time series that are too short to extract a meaningful non-linear 
trend. Most of the stations have some missing data, with a median 93.5% 
of hourly data available between the first and last reported measure
ment. Some of the records have large gaps (i.e., a period without any 
reported measurements), which can result in large increases in esti
mated trend uncertainty when included in the trend-analysis dataset. 
Around 10% of measurement station time series have a gap longer than a 
month, and ~1% longer than a year. Using a set of thresholds, we 
remove time series if: 1) There is <90% of data available between the 
first and last valid measurement, 2) the time series is <7 years long 
between its first and last valid measurement or 3) the data has a period 
without any data for >60 days.

Second, we identify and remove anomalous data. Previous studies 
have identified several types of outliers in the data that are caused by 
equipment malfunctions (Rohde and Muller, 2015; Silver et al., 2018; 
Wu et al., 2018). To detect these outliers, we implement a modified 
version of the method developed by Wu et al. (2018), which they term 
‘Probabilistic Automatic Outlier Detection’ (PAOD). Briefly, PAOD relies 
upon normalising air pollutant measurements by calculating their re
sidual in terms of a z-score within a rolling window. In the PAOD 
method, the expected positive lognormal distribution of air pollutant 
measurements is used to calculate the probability that a given obser
vation is one of five types of outlier: 1) an extreme value, 2) is signifi
cantly different to spatial and temporally neighbouring values, 3) in 
periods of very low variance, 4) an outlier caused by equipment cali
bration, and 5) when the PM10 concentration < PM2.5 concentration.

We make several modifications to the PAOD technique in order to 
reduce the frequency of ‘false positives.’ We also do not flag PM10 

concentrations as outliers when they are lower than PM2.5 concentra
tions. These outliers occur at a high frequency, indicating that PM10 
concentrations measured by the CNEMC network are often inaccurate, 
as the equipment used to measure PM10 is older (Wu et al., 2018). 
However, this issue likely affects PM10 measurements throughout the 
time series, not only when PM10 < PM2.5, therefore it will not improve 
the PM10 trend accuracy to remove these outliers. Our modified version 
of the PAOD method is fully described in the Supplementary Methods 1 
and the number of outliers detected for each pollutant is shown in 
Supplementary Fig. 1.

Finally, we repeat the first step using the same criteria, to remove 
station time series that now have lower than needed data availability 
due to outlier removal. Additionally, we remove time series that have 
had >0.5% of their data flagged as outliers, as this often indicates the 
entire time series is unreliable.

2.4. Seasonality and trend extraction using LOWESS

Locally Weighted Scatterplot Smoothing, known as LOWESS, is an 
algorithm for fitting a smooth curve to data by performing a series of 
weighted regressions on subsets of the data (Cleveland, 1979). An 
advantage of LOWESS is that it is a non-parametric method, so does not 
require that the data be normally distributed. Unlike polynomial-curve 
fitting, it requires no prior assumptions of the shape of the resulting 
trend, so it can accommodate multiple reversals in trend direction if 
necessary. LOWESS has previously been used as part of a common al
gorithm for time series decomposition (Cleveland et al., 1990).

The LOWESS algorithm operates by fitting a weighted polynomial to 
a rolling subset or “window” of the data points. We use the tri-cube 
weighting function, and fit first-degree polynomials for each subset of 
the data. The size of the subset of data points can be adjusted to modify 
the degree of smoothing. In our analysis, we choose a window size of 4 
years, so that seasonal and inter-annual variability is smoothed out, 
while longer-term, multiannual changes are captured.

Our technique allows for the seasonal component to smoothly evolve 
over time, and for confidence intervals on the seasonal and trend 
component to both be calculated. An example of the trend-fitting 

Table 1 
Data cleaning. The table shows average values of data availability statistics, as 
well as the number of stations removed at each stage of the data cleaning pro
cess. Where no unit is given, the cell shows the number of stations that pass a 
particular quality control test.

PM2.5 PM10 NO2 SO2 CO Ozone

initial stations 2031 2031 2031 2031 2031 2031
median length (years) 10 10 10 10 10 10
median data availability (%) 95.0 92.2 95.3 95.5 95.2 95.0

First Availability Check
>90% data available 1843 1397 1862 1874 1861 1843
>7 years length 1361 1361 1361 1361 1361 1361
no gap > 60 days 1893 1894 1897 1895 1894 1896
remaining stations 1239 916 1257 1258 1251 1249

PAOD (median outliers per station)
Extreme 2.4 4.4 0.5 7.5 2.3 0.1
Spatio-temporal 3.0 4.2 0.8 6.6 2.8 0.6
Low variance 0.6 1.1 1.3 1.7 0.4 2.8
Diurnal 0.0 0.0 0.0 0.0 0.2 0.0

Second Availability Check
>0.5% PAOD detected 1228 904 1240 1217 1237 1218
>85% data available 1239 916 1257 1258 1251 1249
>7 years length 1238 910 1257 1257 1249 1249
no gap > 60 days 1239 916 1257 1258 1251 1249
remaining stations 1227 898 1240 1216 1235 1218
remaining data availability 

(%)
95.0 92.8 95.3 95.3 95.1 95.0
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procedure is illustrated in Fig. 1. We first take daily means of the time 
series data. Then, we extract the seasonal cycle by performing a separate 
LOWESS fit for each day of the year, and its immediate surrounding 
days, using a centred rolling window. The rolling window has a width of 
15 days, with its central (8th) day being the day of the year for which the 
seasonal component is estimated. A 15-day window width is chosen to 
so that seasonal variability is captured smoothly on a multi-day time
scale. We perform 100 bootstrap simulations to capture the uncertainty 
of the fit. For each day of the year, we take the value of the LOWESS fit 
on that day, and by taking these values for each of the 365 fits, we 
extract the seasonal cycle. We estimate its confidence limits by taking 
the 2.5th and 97.5th percentiles from the bootstrap simulations.

To estimate the trend, we interpolate between the fitted values in 
each day-of-year fit using a Piecewise Cubic Hermite Interpolating 
Polynomial (PCHIP). This includes extrapolating each day-of-year trend 
at both ends, by up to 364 days, so that each of the 365 fits overlap. We 
also perform this for each of the bootstrap simulations to estimate un
certainty in the extrapolation. The 365 fits are then averaged together, 
to get the overall trend of the time series. The confidence limits are again 
estimated by taking the 2.5th and 97.5th percentiles of the bootstrap 
simulations and their interpolated and extrapolated values.

As an example, to calculate the seasonal trend on January 15th, we 
compute the LOWESS fit using daily means of the 8th to 22nd using data 
from each year (2015–2024). Assuming all data is available, this gives 
150 (15 × 10; window width multiplied by number of years) points on 
which to perform the fit. These 210 points are then randomly sampled 
with replacement 100 times, and the 95% confidence intervals are 
calculated by estimating the 2.5th and 97.5th percentiles of the boot
strap samples on January 15th. Then, the same process is repeated for 
January 16th, with data from the 9th to the 23rd being included in the 
window, and so on.

2.5. Linear trend analysis

To be able to quantify the trend over short periods, and plot the 
geographic distribution of trends, we also calculate linear trends. We use 
a similar method to our previous work (Silver et al., 2020), however in 
this analysis we use the trend and seasonal fit calculated in the previous 
step to deseasonalise the data. We use the Theil-Sen estimator (Sen, 
1968) from the Python package statsmodels (Seabold and Perktold, 
2010), and assess trend significance using a modified version of the 
Mann-Kendall test (Hussain and Mahmud, 2019) that accounts for 
autocorrelation (Hamed and Rao, 1998). For this analysis, we fit the 
trend to deseasonalised values. The data is deseasonalised using the 
seasonal and trend fits estimated in non-linear trend extraction step. We 
take the weekly mean of the deseasonalised data, discarding values 
where there are fewer than 5 daily mean values present in the week. We 
calculate the trend if >90% of weeks are valid during the trend period. 
The confidence limits for the seasonal cycle are used to calculate upper 
and lower bounds of the Theil-Sen slope.

We quantify linear trends for three ‘periods of interest’. The first is 
‘2014–2024,’ which includes the entire period of data availability at the 
time of writing, from May 2014 to December 2024. The second is 
‘2014–2019,’ which covers May 2014 to the December 2019. This 
period is intended to cover the period of rapidly changing concentra
tions that occurred prior to the start of the COVID-19 pandemic in 2020. 
The third is 2021–2024, including values from January 2021 to the last 
available data in December 2024. This period is intended to capture the 
post-COVID trajectory of air quality trends, which is why we do not 
include 2020, during which there were widespread lockdowns.

2.6. Averaging of trends

In this work, we present spatially averaged trends across all moni
toring stations (that pass quality control tests) in China or its subregions. 
The CNEMC network in China is distributed throughout the major cities 

of China, with each city having a number of stations proportional to its 
population size. Since we include all stations with >7 years of data in the 
average, the number of stations averaged varies throughout the 10-year 
period, as some stations join the CNEMC network later in the time series, 
while others go offline. For this reason, discontinuities are present in the 
average trend, especially at the start of 2015, as the number of moni
toring stations increased by ~60% in this period (Supplementary Fig. 2). 
As shown in a previous study (Luo et al., 2022), we find that the addition 
of monitoring stations has a limited effect on average pollutant 
concentrations.

2.7. Regional groupings of provinces

We divide China into five large regions made from groupings of 
provinces, to facilitate regional comparison (Supplementary Fig. 3). The 
most populous and economically active part of China, East China, is 
divided into two regions, ‘Northern East China’, and ‘Southern East 
China’, which are approximately split at the Qinling-Huaihe Line. 
‘Northern East China’ includes the North China Plain, which contains 
the Beijing-Tianjin-Hebei region. ‘Southern East China’ includes the 
Yangtze River Delta. ‘Southwest China’ includes the populous Sichuan 
Basin region. The ‘Northeast China’ region includes the relatively more 
densely populated provinces in the northeast of China, while the 
remaining provinces are grouped into ‘Western China,’ which includes 
the relatively sparsely populated provinces to the west of the Hu- 
Huanyong Line, as well as Inner Mongolia.

2.8. PM2.5 health impact estimation

We estimate the health impact of ambient PM2.5 using the Global 
Exposure Mortality Model (Burnett et al., 2018) (GEMM), which has 
been used to estimate health impacts in China in numerous previous 
studies (Conibear et al., 2022b; Geng et al., 2021; Li et al., 2023; Shi 
et al., 2021; Yin et al., 2021; Yin, 2022). Here we estimate the increase in 
adult (>25 years old) premature deaths from non-communicable dis
eases and lower respiratory infections (NCD + LRI). Details of the GEMM 
are fully described in Burnett et al. (2018), the details, assumptions, and 
limitations relevant to this study are described below.

The GEMM is used to predict the increase in NCD + LRI mortalities 
relative to the baseline mortality rate. This increase is termed the ‘haz
ard ratio.’ The hazard ratio is a function of PM2.5 exposure, which in
creases with PM2.5 concentrations greater than the counterfactual 
concentration of 2.4 µg m− 3

. The GEMM includes different hazard ratio 
models for 12 age groups (between 25 and 80+ years) as well as un
certainty intervals (95% confidence limits). Therefore, when combined 
with time-varying demographic data, the GEMM model can account for 
the effect of projected ageing on population vulnerability.

As the GEMM estimates the relationship between PM2.5 exposure, 
measured in units of mass concentration, and mortality, it cannot ac
count for the differences in PM toxicity that may occur between regions. 
We use the version of the GEMM’s hazard ratio functions that include 
data from a Chinese cohort study (Yin et al., 2017). Yin et al (2017) is 
one of the few cohort studies that has estimated the association between 
PM2.5 exposure and mortality for the very high exposures found in 
China, and therefore may make the GEMM’s estimates more applicable 
to China’s PM2.5 composition.

To calculate the excess deaths using GEMM during the period 
2000–2035, annual estimates of the population size and mortality rates 
for the 12 age groups are required, in addition to PM2.5 estimates. For 
age group populations, we use the ‘reference’ scenario from the Institute 
for Health Metrics and Evaluation (IHME) (IHME, 2020), which fore
casts annual population in each of the twelve age groups until 2100. For 
the NCD and LRI mortality rates, we use annual Global Burden of Disease 
(GBD) data (Global Burden of Disease Collaborative Network, 2024) 
over the period 2000–2021, and projections from the International Fu
tures (IF) model v8.06 (Frederick S. Pardee Center for International 
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Fig. 1. Example of trend fitting on data from a single station. Original data is shown in black, the central estimates are shown in red, while the lower and upper 95% 
confidence intervals are shown in orange and purple, respectively. Panel (a) shows the LOWESS trend fitted for a single ‘day-of-year’ window, in this case is centred 
on the 15th day of the year, and including data during the 8th to 22nd day of the year. Panel (b) shows full seasonal cycle fit, which uses individual ‘day-of-year’ fits 
shown in (a) repeated for each day of the year. Panel (c) shows the interannual trend fit, which is the mean of the non-linear trendline calculated for each individual 
‘day of year’ fit (i.e. in (a)). Panel (d) shows the deseasonalised data, which is calculated by subtracting the seasonal cycle in (b) and adding the trend from (c) to the 
daily mean data. This is used to estimate linear trends for the three periods (2015–2024, 2015–2019 and 2021–2024). (For interpretation of the references to colour 
in this figure legend, the reader is referred to the web version of this article.)
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Futures, 2021) for future years. To ensure consistency between the GBD 
data and projected IF data, for the 2022–2035 mortality rates, we scale 
the 2021 GBD NCD and LRI mortality rates by the annual change in the 
IF mortality rates for NCD and total respiratory infections, respectively. 
To explore sensitivity to the uncertainty inherent in the input data used 
in the GEMM model, we propagate the uncertainties in the population 
data, age fractions, and the GEMM’s exposure–response estimate to give 
95% confidence intervals on the mortality estimates.

The health impact can either be estimated at the grid scale using 
gridded PM2.5 and population count data (Conibear et al., 2022b; Geng 
et al., 2021; Yin, 2022) or at the country scale using regionally aggre
gated data, i.e. national population-weighted mean PM2.5 and total 
population (Burnett et al., 2018; McDuffie et al., 2021). We henceforth 
term the first method, the ‘gridded method,’ and the second, the ‘na
tional-level method’. We use the Geographically Weighted Regression 
PM2.5 reanalysis (van Donkelaar et al., 2021) to provide gridded PM2.5 
estimates, and the Gridded Population of the World (GPW) dataset 
(CIESIN, 2016) to provide gridded population estimates. The GPW data 

provides an estimate every 5 years, and we use linear interpolation to 
produce annual data.

2.9. Future PM2.5 scenarios

We generate three future PM2.5 scenarios to demonstrate the health 
impact of different potential future trajectories of China’s PM2.5 con
centrations. In the first scenario, “target met” we project that from the 
2023 average trendline concentration of 31.6 µg m− 3, PM2.5 will 
decrease linearly to reach the target concentration of 25 µg m− 3 in 2035. 
In the second scenario, “target exceeded,” PM2.5 decreases at twice the 
rate of the “target met” scenario, reaching 18.4 µg m− 3 in 2035. In the 
third scenario, “plateau”, PM2.5 remains at 2023 levels.

These scenarios are not intended to be realistic scenarios of future 
PM2.5 trends, rather they are meant as hypothetical scenarios that are 
used to demonstrate the effect of plausible future PM2.5 trends combined 
with demographic changes to explore the magnitude of the PM2.5 
reduction required to reduce the associated health impacts.

Fig. 2. Trends in PM2.5 (a, b), ozone (c, d) and NO2 (e, f) respectively. The left-hand column shows the non-linear trend during the entire period of data (black line), 
averaged across all the measurement stations which passed data quality checks, with the grey shaded area representing the average (across stations) 95% confidence 
interval. The grey line is the rolling 90-day deaseasonalised mean, which is included to show variability at a shorter timescales. The straight coloured lines show the 
average linear trends, calculated using the Theil-Sen estimator, for three periods of interest. The numbers correspond to the average linear trend (in µg m− 3 year− 1) 
during the period indicated by the coloured lines. The right-hand column (b, d, f) shows the frequency distribution for the linear trends during the three periods of 
interest across all stations meeting data quality checks. The shaded area of the frequency distribution indicates statistically significant linear trends (p < 0.05).
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3. Results

3.1. Air quality trends

Our estimates of the average trend in PM2.5 pollution measured by 
the CNEMC network, show that the rapid decrease in PM2.5 concentra
tions that occurred during 2014–2019 has slowed in recent years 
(Fig. 2). The average PM2.5 trendline concentration decreased from 49.1 
µg m− 3 with a 95% confidence interval (95CI) of 41.0 to 57.9 µg m− 3 at 
the start of 2015, to 35.9 (95CI: 32.5 to 39.7) µg m− 3 by the end of 2019. 
The average linear trend during this period was − 2.47 (95CI: − 3.09 to 
− 1.84) µg m− 3 year− 1, with 70.0% of stations having a significant 
negative trend. After 2020, the decrease in the trendline concentration 
slowed, reaching a minimum of 31.3 (95CI: 24.9 to 35.0) µg m− 3 in 
March 2024. After this, the trendline concentration then plateaus, 
remaining at 31.3 (95CI: 24.8 to 38.5) µg m− 3 at the end of December 
2024. However, due to the wide trendline confidence intervals towards 
either end of the time series, there is not a statistically robust positive 
trend in PM2.5. The average linear trend during January 2021-December 
2024 was − 0.18 (95CI: − 0.51 to 0.17) µg m− 3 year− 1. During this 
period, 15.7% of stations have a positive trend and 24.7% have a 
negative trend.

Fig. 3 shows that the relative rates of change in PM2.5 trendline 
concentrations have been similar between the four most populated 

regions of China, with the average trend decreasing by >20% by 2022. 
In the Western China region, PM2.5 decreases by comparatively less, 
only ~10%. However, it should be emphasised that the Western China 
region is relatively sparsely populated and has generally lower PM2.5 
concentrations than other parts of China. Average PM2.5 concentrations 
fell below the World Health Organisation’s (WHO) first Interim Target 
(IT1) of 35 µg m− 3 during 2021–2023 in all regions except Northern East 
China, which is the most heavily populated and industrialised region 
(Supplementary Fig. 4).

In contrast with PM2.5, ozone concentrations have been steadily 
increasing through the period observed by the CNEMC network (Fig. 2). 
The average ozone trendline concentration rose from 49.8 (95CI: 43.8 to 
56.0) µg m− 3 at the start of 2015 to 61.1 (95CI: 57.7 to 64.7) µg m− 3 by 
the end of 2019. The average linear trend was 2.66 (95CI: 2.38 to 3.01) 
µg m− 3 year− 1 during this period, with 72.7% of stations having a sig
nificant positive trend. The increasing of the trendline concentration has 
continued in recent years, reaching 67.5 (95CI: 59.6 to 75.7) µg m− 3 by 
the end of December 2024. During Jan 2021 to December 2024, the 
average linear trend was 2.06 (95CI: 1.41 to 2.71) µg m− 3 year− 1, with 
65.2% of stations having significant positive trends and 3.1% having 
significant negative trends.

Fig. 3 shows that during 2014–2024, the relative increase in ozone 
has been similar in most regions, reaching levels ~30% higher 
compared with 2015 levels. The exception is the Northern East China 

Fig. 3. Relative non-linear trends in (a, b) PM2.5, (c, d) ozone, and (e, f) NO2, averaged by region of China. In the left-hand column (a, c, e), the change is shown 
relative to the value at the start of 2015 (as prior to this, data from ~60% fewer stations are available). The shaded regions show the 95% confidence interval, 
coloured by each region. In the right-hand column (b, d, f) maps of the distribution of relative linear trends for each valid station are shown. The linear trend is 
calculated for the entire timeseries (2014–2024).

B. Silver et al.                                                                                                                                                                                                                                   



Environment International 197 (2025) 109318

8

region, where levels have increased by >40%. In some regions, such as 
Southern East China, the trend in ozone appears to have flattened, 
however, none of the regions can be said to have peaked with >95% 
confidence.

NO2 concentrations have generally fallen during the CNEMC 
network observation period, though the average peak concentrations 
generally occurred later than those of PM2.5 (Fig. 2). During the entire 
time series (2014–2024), 71.7% of stations have a negative linear trend 
for NO2. The overall peak in the trendline NO2 concentration occurs in 
February 2017, at 29.6 (95CI: 27.4 to 33.2) µg m− 3. After this, the 
average NO2 trendline concentration falls to 27.3 (95CI: 25.3 to 29.3) µg 
m− 3 by the end of 2019, with an average linear trend of − 0.16 (95CI: 
− 0.36 to 0.07) µg m− 3 year− 1 during 2014–2019, with 23.2% and 34.7% 
of stations having significant positive and negative trends, respectively. 
By the end of December 2024, the average NO2 trendline fell further to 
21.7 (95CI: 18.4 to 25.1) µg m− 3. During 2021–2024, the average linear 

trend is − 1.07 (95CI: − 1.18 to − 0.96) µg m− 3 year− 1, and 5.1% have 
significant positive trends and 62.1% of stations had significant negative 
trends. The de-seasonalised 90-day rolling mean concentration in Fig. 2e 
shows the clear impact of the first COVID-19 lockdowns during 2020.

The trendline in PM10 has a similar trajectory to PM2.5, where there is 
a fast decrease in concentrations during 2014–2019, with an average 
linear trend of − 3.44 (− 4.36 to − 2.52) µg m− 3 year− 1, which slows 
during 2021 to 2024, where the average linear trend becomes − 1.15 
(− 1.64 to − 0.59) µg m− 3 year− 1.

CO and SO2 have similar overall negative trendlines in relative 
terms, where their rate of decrease gradually lessens and their concen
trations approach relatively low levels (Supplementary Fig. 5). Their 
average trend does not have any statistically significant reversal in trend 
direction. During 2014–2019, both CO and SO2 have steep negative 
trends, with significant negative linear trends at 61.2% and 84.9% of 
stations respectively. Both still have average negative linear trends 

Fig. 4. Historical and future PM2.5 concentration averages and their estimated health impacts. (a) shows the change in the mean PM2.5 exposure across China 
estimated by three different methods. ‘Population-weighted GWR,’ uses the GWR (van Donkelaar et al., 2019) and GPW data to calculate the population-weighted 
mean is shown in blue. ‘CNEMC-sampled GWR,’ samples the GWR data at the locations of the CNEMC network and is shown in orange. ‘CNEMC-annual mean’ is the 
annual mean of all stations that pass quality control checks in the CNEMC network and is shown in green. These three lines are shown with the 95% confidence 
intervals of the annual means. The PM2.5 non-linear trend and 95% confidence intervals is shown in black. PM2.5 targets announced by the Chinese government are 
shown as red circles. The three hypothetical scenarios, in which PM2.5 concentrations plateau (red), meet the 2035 target (yellow) and exceed the target (green) are 
shown as dotted lines. In (b), the solid lines show health impact estimations calculated from historical data, while the dotted lines show projections using the 
hypothetical scenarios in (a). ‘Gridded’ (blue) shows the health impact estimated using gridded PM2.5 and population data, while ‘population-weighted’ (purple) 
shows the health impact estimated using a single population-weighted PM2.5 mean, and total population value. The ‘CNEMC annual mean’ (black) line shows the 
health impact estimated using the average of the CNEMC network. The confidence intervals on the health impact estimate are shown in Supplementary Fig. 7. (For 
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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overall during 2021–2024, but with a lower proportion of stations 
having significant negative trends (CO: 46.2% and SO2: 43.3%), 
showing that the rate of decrease has slowed on average across China.

3.2. Using CNEMC network data to infer health impact

Estimates of the PM2.5 exposure (i.e. the population-weighted mean), 
using solely the CNEMC network data, are similar to those derived from 
gridded PM2.5 reanalysis data. Fig. 4a shows that the confidence in
tervals of the PM2.5 annual means for the population-weighted (using 
the gridded PM2.5 reanalysis “Geographically Weighted Regression” 
(GWR) product (van Donkelaar et al., 2021)) and CNEMC-sampled 
(sampling the gridded GWR PM2.5 at the locations of the CNEMC 
network) methods overlap. This demonstrates that the CNEMC network 
samples PM2.5 exposure across China’s population in a stratified 
manner. Therefore, an average of the CNEMC network is analogous to 
the population-weighted mean, which can be used to calculate the 
health impact. Fig. 4a also shows that the annual means of the CNEMC 
network compare well with GWR PM2.5 reanalysis, although they would 
not be expected to be an exact match due to the comparison between 
gridded and point data. We note that data from the CNEMC network is 
one of the inputs used to generate the GWR PM2.5 reanalysis product.

In order to estimate the total PM2.5-attributable excess mortality 
burden from the CNEMC network data, we show that conducting the 
health impact assessment using the national-level method (i.e. a single 
value of population-weighted PM2.5 for the whole of China) and using 
the gridded method (using GWR PM2.5 (van Donkelaar et al., 2021); 
Fig. 4b) both give a similar result for the total China-wide mortality 
burden. Supplementary Fig. 6 shows that the confidence intervals of the 
estimated health impacts largely overlap. The difference in the esti
mated excess deaths between the two methods is on average 5.6%, while 
the uncertainty of the excess deaths estimate itself is on average 34%. 
This large uncertainty is due to the propagation of uncertainty in the 
demographic and mortality rate data, as well as in the GEMM. Our re
sults demonstrate that the CNEMC mean, along with future projections 
of population totals and demography can be used to estimate the health 
impact in future scenarios.

3.3. Implications for future health impact

Our estimated health impact shows that the rapid decrease in 
population-weighted PM2.5, which began around 2015, has resulted in 
modest reductions in PM2.5-attributed excess deaths (Fig. 4). Prior to 
2015, before the CNEMC observation period, we estimate the health 
impact using GWR data. During 2000 to 2008, population-weighted 
PM2.5 increases from less than 40 µg m− 3 to around 50 µg m− 3. The 
estimated PM2.5-attributable mortality burden also increases, from 1.62 
(95CI: 1.38 to 1.87) million excess deaths per year to 2.16 (95CI: 1.86 to 
2.50) million. During 2008–2014, the population-weighted PM2.5 fluc
tuates between 49 and 53 µg m− 3, while the excess deaths continue to 
steadily increase, reaching 2.41 (95CI: 2.02 to 2.86) million per year by 
2014. From 2015, the rapid decrease in population-weighted PM2.5 
begins, falling from ~50 µg m− 3 to < 35 µg m− 3 by 2020. As the rate in 
the decrease of population-weighted PM2.5 slows, it gradually becomes 
insufficient to outweigh the increases in the associated mortality burden 
driven by demographic factors, resulting in estimated deaths no longer 
clearly decreasing post-2020.

Our hypothetical future scenarios demonstrate that continuing to 
alleviate the health impact from PM2.5 will become challenging in 
China, due to its growing and ageing population (Supplementary Fig. 7). 
Our mid-range scenario, ‘target met,’ shows that even if China meets its 
target of reaching average PM2.5 concentrations of 25 µg m− 3 by 2035, 
PM2.5-attributed excess deaths will again start to increase, reaching 2.52 
(95CI: 1.82 to 3.35) million annual excess deaths by 2035.

To decrease the total mortality burden attributable to PM2.5 during 
the next decade, population-weighted concentrations would need to 

decrease at twice the rate as in the “target met” scenario, as shown in the 
target exceeded” scenario. In this scenario, the rapid decrease in PM2.5 
observed during 2015–2020 would need to be resumed, which would 
result in the mortality burden falling to 2.10 (95CI: 1.52 to 2.79) million 
annual excess deaths. Our trend analysis finds that the rate of PM2.5 
decrease has slowed, and possibly even plateaued during recent years. 
Our “plateau” scenario demonstrates what would happen if PM2.5 
remained at 2024 levels until 2035. In this scenario, the PM2.5-attrib
utable mortality burden increases rapidly, reaching 2.90 (95CI: 2.10 to 
3.85) million annual excess deaths in 2035.

The key driver behind the predicted increase in excess deaths is the 
ageing population (Supplementary Fig. 7a). While underlying non- 
communicable disease and respiratory infection mortality rates are 
projected to fall in every age group as China’s healthcare systems 
improve, as the population ages, older age groups become relatively 
larger. As adult mortality rates of non-communicable diseases and lower 
respiratory infections increase exponentially with age (Supplementary 
Fig. 7b), ageing results in the population-average mortality rate 
increasing rapidly (Supplementary Fig. 7c).

4. Discussion

Our analysis shows that the rapid decrease in PM2.5 concentrations in 
China observed during 2014–2019 has slowed during 2021–2024. 
PM2.5-attributed deaths have been declining in China prior to 2020 (Li 
et al., 2023), due to the sustained reduction in exposure, along with an 
improvement in underlying health, which has compensated for the 
increasing population size and average age (Geng et al., 2021; Li et al., 
2023). We found that during recent years, the slowing rate of PM2.5 
decrease as well as demographic changes have halted the decline in the 
mortality burden. Furthermore, even if PM2.5 concentrations further 
decline to reach the target of an average concentration of 25 µg m− 3 by 
2035, this will not be enough to prevent the total health impact of PM2.5 
worsening in China. We show that a PM2.5 reduction target around twice 
as ambitious would be needed to offset the impact of demographic 
changes and alleviate the excess deaths due to PM2.5 exposure. The 
difficulty in reducing excess deaths is primary due to the rapidly ageing 
population, as population growth is slowing, and underlying mortality 
rates are decreasing (Xu et al., 2023). This further highlights the need for 
China to sustain air quality improvement, as it may be the only way to 
alleviate impacts resulting from future demographic change.

China has made remarkably rapid progress and has achieved the 
WHO’s IT1 of 35 µg m− 3, which we estimate occurred during 2020. The 
average PM2.5 concentration fell by 17 µg m− 3 over 8 years, to reach 32 
µg m− 3 in 2022. China has recently announced it will aim for the WHO’s 
IT2 of 25 µg m− 3, by 2035 (Reuters, 2024). As of 2024, PM2.5 concen
trations have reached 31 µg m− 3. This leaves more than 10 years to 
achieve a further reduction of ~7 µg m− 3, or a ~2.3% reduction per year 
(based on 2024 levels). During 2014–2024, China reduced PM2.5 by 
~5.1% year− 1. Given the Chinese government prefers to under-promise 
and over-deliver (Green and Stern, 2017), this shows that it remains 
committed to rapidly improving air quality. The WHO’s new Air Quality 
Guideline (AQG) for PM2.5 is 5 µg m− 3, based on a review of epidemi
ological evidence which suggests negative health impacts from PM2.5 
exposure can occur even at this relatively low level (World Health Or
ganization, 2021). Meeting this target will be challenging for many re
gions of the world (Pai et al., 2022; Reddington et al., 2023). If similar 
rates of decrease that occurred after the implementation of the Action 
Plan during 2014–2019 were maintained, it would take China ~40 years 
to achieve, and require policies targeted at emission sectors that have so 
far not seen large reductions (Conibear et al., 2022a).

Our analysis suggests that it is unlikely that ozone concentrations 
have peaked. According to Li et al. (2019), the main driver of the ozone 
increase during 2013–2017 was the decrease in HO2 radical uptake onto 
aerosol, driven by the decrease in PM2.5. They suggest that without any 
change in aerosols, ozone levels would have fallen due to NOx and VOC 
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emissions changes. However, during 2020–2024, the rate of PM2.5 in
crease has slowed, while ozone levels have continued to increase, sug
gesting that aerosol concentrations have not been a major driver of 
ozone change during this period. According to Wang et al. (2023), ozone 
levels had become much less sensitive to aerosol concentrations by 
2021. However, Wang et al. (2023) estimate that ozone concentrations 
were falling during 2018–2021, when adjusting for the effect of mete
orological variability. Our analysis shows this was not the case, which 
suggests model simulations may struggle to accurately capture the trend 
in ozone. Future research should use state-of-the-art atmospheric 
chemistry models to understand the complex interactions between PM2.5 
and ozone to accurately identify drivers of ozone increases and identify 
pathways for simultaneous PM2.5 and ozone reduction.

Our analysis confirms the steep reductions in NO2 concentrations 
that were observed immediately after the first wave of COVID-19 lock
downs (Silver et al., 2020; Wang et al., 2021). NO2 concentrations 
quickly recovered by mid-2020, then continued to fall at a rate similar to 
the pre-lockdown trend.

The potential peak in ozone coincides with periods of increase in 
PM2.5 and NOx (indicated by NO2), which under NOx-saturated condi
tions both have the potential to decrease ozone levels, via HO2 uptake 
and NO titration respectively. However, PM2.5 and NO2 concentrations 
can be expected to eventually fall, as China’s air quality control efforts 
continue, and further shifts in the balance between NOx and VOC 
emissions may change the prevalence of NOx-saturated conditions. This 
makes it difficult to conclude to what extent the observed falls in ozone 
will be sustained, and how ozone may respond to future changes in NOx 
and PM2.5. Further modelling studies are needed to disentangle the 
relationship between ozone, aerosol concentrations, and NOx emissions 
during the complex lockdown and economic recovery period.

The difficulty of accessing China’s network data is a significant 
barrier to enabling research by the global scientific community. The 
non-governmental organisation OpenAQ, whose mission is to aggregate, 
harmonise and release the world’s air quality data, defines four key 
criteria for government’s monitoring network data to be considered 
‘fully open’ (Sawant et al., 2022). Currently, China only meets two of the 
criteria, as it does not provide programmatic access to historical data, or 
a list or monitoring station coordinates, while it does share data in near- 
real time, and using physical units. We hope that releasing the obser
vations of the CNEMC network thus-far, in an easily accessible format 
and with data quality flags, will facilitate improved access to these 
important data. We also recognise that there is still a need for official 
metadata and documentation, which we hope will be released by the 
CNEMC to improve access for researchers outside China.

5. Conclusion

Our analysis of China’s air quality network data shows that in recent 
years air quality trends in China appear to have entered a new paradigm. 
During 2014–2019, trends in China’s air quality were characterised by a 
rapid decrease in PM2.5 concentrations, resulting in improved air quality 
across much of the country. Furthermore, concentrations of NO2, SO2 
and CO have all continued to fall up to 2024, suggesting widespread 
decreases in emissions. During 2020–2024, the decrease in PM2.5 has 
slowed, which if sustained has the potential to worsen the air pollution 
health burden in China over the coming years, particularly given its 
ageing population. At the same time, ozone concentrations have 
continually increased, which previous studies suggest is an unintended 
consequence of China’s air quality control policies rather than being 
driven by increases in emissions. However, due to the health impacts of 
PM2.5 being an order of magnitude larger than those of ozone, air quality 
control policies have still resulted in a net-benefit in terms of air 
pollution health impacts. A PM2.5 target around twice as ambitious as is 
currently in place would be needed to peak the increase in PM2.5- 
attributed excess deaths by 2035. A limitation of our study is that we do 
not have access to more granular (e.g. provincial level) demographic 

projections, which would allow regional differences in health outcomes 
and population ageing in China to be taken into account to produce 
more accurate air quality health impact estimates.

Further research is needed to untangle the complex relationship 
between changes in ozone, NOx and PM2.5, and to assess the extent to 
which changes in emissions due to the COVID-19 pandemic, and its long- 
term effects, have impacted air quality. Furthermore, China’s recent 
economic trajectory can be expected to alter future anthropogenic 
emissions projections. Future trends in China’s air quality should 
continue to be closely monitored to understand whether the recent 
apparent slowdown in improvement during the last four years is a 
temporary pause or a new paradigm. Further work could use atmo
spheric chemistry modelling to explore the emissions reductions policies 
that would be needed to achieve the PM2.5 decrease we have demon
strated is necessary to resume reduction of the air quality health impact.

Data and code availability

The CNEMC monitoring data is available in an easy-to-use format 
from the Figshare repository (https://doi.org/10.6084/m9.figshare 
.25689477). This includes the raw data, data adjusted for the protocol 
change (see Methods) and data with outliers removed using the PAOD 
algorithm. The repository also includes Python scripts to perform the 
analysis, including the PAOD algorithm and the non-linear trend 
extraction. The data and code needed to reproduce all figures is also 
included in the repository.
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