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Abstract Beijing has suffered a series of poor air quality (“haze”) episodes which have damaged human
health and economic growth. Beijing's haze is generally driven by pollutant‐trapping meteorological
conditions, but climate model projections differ on how these conditions will evolve under forcing. Such
differences are driven in part by (1) disagreements over which meteorological conditions matter most and
(2) an undersampling of internal variability in projections. To resolve these differences, we show that Beijing
haze is associated with anticyclonic circulation, thereby linking multiple meteorological ingredients to a
single process well simulated by models. We use this to inform our assessment of future haze risks in both a
multimodel ensemble and a single‐model large ensemble, partitioning model uncertainty and internal
variability. We estimate that forcing increases haze‐favorable conditions, but internal variability
significantly affects these projections, emphasizing the importance of fully sampling sources of uncertainty
to ensure accurate projections of haze risks.

Plain Language Summary Episodes of poor air quality (“haze”) in Beijing, China have been
linked to cardiovascular and respiratory disease, damage to crops, and decreases in economic growth.
These episodes tend to occur when moist, still air lets pollutants accumulate. Human‐caused climate change
may affect the weather conditions that cause haze, but that effect is uncertain due to how scientists
characterize haze‐favorable weather, how such weather links to actual haze occurrence, and how those
features change in climate model experiments that neither simulate pollutants explicitly nor represent the
full distribution of climate variability (“internal variability”). Here we show that different weather
conditions that promote haze in Beijing are linked to the same large‐scale wind patterns, putting those
conditions in the context of a single physical process simulated by climate models. When evaluated against
this observed benchmark, we can confidently use multiple climate model ensembles to estimate how
climate change affects haze‐favorable conditions while also addressing uncertainties due to model choices
and internal variability. We show that climate change will make haze‐favorable conditions over Beijing
more frequent, but that internal variability can generate large uncertainties in these projections,
demonstrating the importance of fully sampling climate variability to constrain the risks of
climate‐induced health impacts.

1. Introduction

Poor outdoor air quality caused one in 13 deaths in 2016 globally (WHO, 2018). Events like Beijing's 2013
“airpocalypse” create a disease burden on society, reducing human well‐being and economic vitality (Gao
et al., 2015). In Beijing, “haze” occurs primarily during winter, when pollutant emissions combine with stag-
nant meteorology such as increased humidity and reduced ventilation. Pollutant emissions in the North
China Plain have been relatively stable (Zheng et al., 2015), so daily variability in Beijing's air quality has
been dominated by weather variation. These features of Beijing's air quality—its human toll and sensitivity
to meteorology—mean that understanding how climate change may affect stagnation in Beijing is necessary
to position health risk management and inform pollutant regulations. Previous research indicates that
warming may increase haze‐favorable meteorology globally (Dawson et al., 2014; Horton et al., 2014;
Jacob & Winner, 2009; Mickley et al., 2004). Yet two uncertainties complicate this picture for Beijing:
First, there is disagreement about the best way to measure haze‐favorable meteorology, leading to
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divergent estimates of its future change (cf. Cai et al., 2017; Shen et al., 2018); and second, internal climate
variability likely plays an important, but as yet uncharacterized, role in shaping haze‐favorable weather
under forcing.

Many indices are used to describe the meteorology driving Beijing's haze episodes (e.g., Cai et al., 2017; Pei
et al., 2018; Shen et al., 2018), with consequences for haze risk projections. Despite the agreement that haze
is associated with a weakened East Asian Winter Monsoon (EAWM, Jia et al., 2015; Liu et al., 2017; Zhong
et al., 2019), there is less agreement on which weather quantities create the most skillful index (cf. Cai
et al., 2017; Wang et al., 2018; Zou et al., 2017). Cai et al. (2017) and Zou et al. (2017) suggest that climate
change will weaken regional ventilation, Wang et al. (2015) suggest that Arctic sea ice decline will shift
the storm track away from Beijing, and Chen et al. (2019) project decreases in ventilation and light precipi-
tation; all four studies thus suggest an increase in haze. In contrast to these assessments, Shen et al. (2018)
and Pendergrass et al. (2019) argue that there will be a negligible change to the key northwesterly winds that
ventilate Beijing, and including relative humidity results in a projected decrease in haze (Pendergrass
et al., 2019). So while there is some agreement about the factors that generate haze presently, there is less
agreement about how these factors will shape haze risk under forcing.

Complicating haze projections further are poor constraints on the influence of internal climate variability
(Garcia‐Menendez et al., 2017; Pienkosz et al., 2019). Internal variability generates a range of weather trends
consistent with the samemodel and emissions assumptions (Deser et al., 2012, 2014) and is undersampled in
themultimodel ensembles that are typically used in climate projections (Kay et al., 2015;Mankin et al., 2017).
Such limitations confound assessments of whether differences in haze projections are because of index
choice, model structure, or poorly characterized internal variability. Moreover, haze indices differ widely
in initial‐condition ensembles (Callahan et al., 2019), but previous literature on climate and haze in
Beijing has generally relied on multimodel ensembles without examining their sensitivity to internal varia-
bility (Cai et al., 2017; Jia et al., 2018; Shen et al., 2018; Wang et al., 2015). As a result, adaptation decisions
like emissions limits may be made without proper benchmarks for the distribution of air quality conditions
that are consistent with the same climate policy.

We pursue a three‐step strategy to constrain the air quality risks of anthropogenic forcing in Beijing while
accounting for internal variability: First, we assess the observed connections between haze, its driving
meteorology, and synoptic circulation. Linking haze and its associated meteorology to regional circulation
places disparate variables in the context of a single process that can be compared to climate models, which
is our second step. Most global climate models do not explicitly simulate pollutants, but they provide infor-
mation about climate variability unavailable from chemistry‐focused models. Hence, we use observed
synoptic drivers of haze‐favorable meteorology for model validation. Finally, we assess how anthropogenic
forcing affects haze‐favorable conditions in Beijing, partitioning internal variability and structural uncer-
tainty by using both single‐model and multimodel ensembles. This approach clarifies how researchers could
come to different conclusions about future haze risks in Beijing, reconciling divergent projections while pro-
viding a sound and transparent approach to using climate models to assess future air quality risks.

2. Data and Methods
2.1. Data

We quantify air quality using observations of particulate matter with a diameter less than 2.5 μm (PM2.5)
from the U.S. embassy in Beijing from 2008 through February 2020 (SanMartini et al., 2015). We usemeteor-
ology data from the Integrated Global Radiosonde Archive (IGRA) at the Beijing station (Durre et al., 2016)
from 1981 through February 2020 and 500 mb geopotential height (GPH) data from NCEP/DOE R2 reana-
lysis (Kanamitsu et al., 2002), with similar results using ERA‐Interim GPH (Dee et al., 2011).

Climate model data are drawn from the CESM1 Large Ensemble (CESM1‐LE, Kay et al., 2015) and 10 mod-
els with available data from the fifth phase of the Coupled Model Intercomparison Project (CMIP5, Taylor
et al., 2012). CESM1‐LE is a single‐model microinitialized large ensemble: Each realization is initialized
using roundoff‐error‐level differences (~10−14) in atmospheric temperature (Kay et al., 2015), providing an
estimate of CESM1's representation of atmosphere‐induced internal variability. We use 35 realizations from
CESM1‐LE, with a historical experiment spanning 1979–2005 and an RCP8.5 experiment (Riahi et al., 2011)
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from 2006 to 2100. We use the same experiments from CMIP5, the data from which we regrid to a common
2° × 2° resolution (Table S1 in the supporting information).

We conduct all analysis over boreal winter (December–February), as pollutant concentrations in the North
China Plain are generally highest in winter and the relevant synoptic features are seasonally dependent
(Chen & Wang, 2015).

2.2. Analysis

Our analytical framework is threefold: (1) quantify the observed linkages between synoptic circulation, local
meteorology, and haze in Beijing; (2) compare circulation‐meteorology linkages in observations andmodels;
and (3) examine projections of those patterns to quantify how anthropogenic forcing and internal variability
shape future haze risk.

To characterize regional circulation, we cluster 500 mb GPH anomalies into typical circulation patterns
(“nodes”) using self‐organizing maps (SOM, Kohonen, 2001). SOM clustering has been widely used to ana-
lyze atmospheric circulation (Cassano et al., 2007; Gibson et al., 2017; Horton et al., 2015); further details are
provided in Text S1 and Figure S1. Previous analyses examining circulation on haze days in Beijing (Chen &
Wang, 2015; Li et al., 2018) have not objectively analyzed typical circulation patterns over all days, and SOM
clustering provides an independent metric to assess multiple circulation patterns and how they affect air
quality. We independently classify SOM nodes from R2 reanalysis, CESM1‐LE, and CMIP5 over 1979–
2016 and extend the analysis to 2017–2100 by matching projected GPH anomaly days with the most similar
historically model‐derived node (see Text S1 and Li et al., 2013; Singh et al., 2016; MacQueen, 1967). We can
use these patterns to examine the associated states of meteorological variables (“ingredients”) and
air quality.

We select three ingredients from the IGRA data and each climate model to represent haze‐favorable meteor-
ology: specific humidity (Q), since water vapor promotes hydroscopic formation of pollutants (Zhong
et al., 2018), 850 mb southerly wind anomalies (V850), representing the slowing of dry northwesterlies that
ventilate Beijing (Pei et al., 2018), and positive environmental lapse rate anomalies (ELR), representing
stable atmospheric conditions that prevent vertical ventilation, defined as the vertical temperature gradient
between 850 and 1,000 mb (Zou et al., 2017). In the models, we average each value over the nine grid cells
closest to Beijing (40°N, 116.5°E). We standardize each time series by subtracting the mean and normalizing
by the standard deviation (SD) over 1981–2010.

These ingredients are correlated (Table S2), so we use principal components analysis (PCA) to produce
orthogonal linear combinations of the ingredients, controlling for collinearity that would complicate multi-
variate regression. We focus on the first principal component (“PC1”), though we examine the other compo-
nents in section 3.1. To estimate uncertainty in the PCs, we use a block bootstrap (n= 10,000), with the block
size determined by the maximum autocorrelation length among the ingredients. We bootstrap all three
ingredients together, preserving their co‐occurrence, before recalculating the PCA within each iteration.
We then associate PC1 magnitudes with PM2.5 loadings and circulation pattern occurrence, linking circula-
tion to meteorology to haze risk (Text S2). We use 3‐day running means of the PCs and PM2.5 to reduce
random variation.

As a basis for observation‐model comparison, we examine the joint occurrence of each SOM node and each
of four PC1 bins (where “PC1 bin” refers to days with the following PC1 magnitudes: <−1, between −1 and
0, between 0 and 1, and >1 standard deviations) and then use the model projections of these joint occur-
rences to construct future haze risks. The combination of four nodes and four PC1 bins results in 16 total
bins. The probability of haze in any period can be decomposed as follows:

P Hazeð Þ¼ ∑
n

i¼1
HazeFractioni*BinProbabilityi

HazeFractioni refers to the fraction of haze days falling into each SOM node/PC1 bin pair, BinProbabilityi
refers to the overall fraction of days that fall into each pair, and n refers to the total number of bins. We first
compare observed and modeled bin probabilities over 1981–2010 to assess model representation of the
circulation‐meteorology linkage. To project haze under anthropogenic forcing, we assume that haze
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probability given the occurrence of a certain bin (HazeFractioni) is stationary and allow BinProbabilityi to
vary according to projections of SOM node and PC1 change. To constrain the models with our observed
probabilities, we calculate the projected change in bin probability relative to 1981–2010 in each model
and add that change to the observed probability, allowing us to reconstruct projected haze probabilities.

We evaluate these projections at global mean temperature targets of 1.5°C, 2°C, and 3°C to evaluate the
effects of climate policy on Beijing haze (Text S3). Global mean temperature depends on cumulative emis-
sions but not emissions pathway (Allen et al., 2009), so this strategy reduces the sensitivity of our results
to the RCP8.5 emissions scenario. Targets are defined as anomalies relative to the 1861–1900 mean
(Figure S2), and we define the time period of each target as the 5 years before and after the first year in which
temperature permanently exceeds the target (Text S3).

We quantify signal‐to‐noise ratio with the ratio of the ensemble mean to the ensemble standard deviation
(Hawkins & Sutton, 2009; Mankin et al., 2017), with values above 1 considered statistically significant. To
control for ensemble size (10 CMIP5 models vs. 35 CESM1‐LE realizations) in ensemble comparisons, we
sample 10 random realizations from CESM1‐LE 100 times and present the median and standard deviation.

3. Results
3.1. Observed Haze‐Meteorology‐Circulation Linkages

There is a strong relationship between PM2.5 concentrations and the first principal component of themeteor-
ological ingredients (“PC1,” Figure S3), consistent with research that haze is supported by increased humid-
ity and reduced ventilation (Huang et al., 2017; Shen et al., 2018; Wang et al., 2018; Zou et al., 2017). The
ingredients are strongly related, with covariance values greater than 0.4 (Table S2), supporting the use of
PCA to control for multicollinearity and our hypothesis that such meteorology is driven by a shared

Figure 1. (a, b) 500 mb GPH composites on (a) high PM2.5 days (>150 μg/m3) and days (b) when PC1 > 1 SD, 2008–2020. Inset text denotes the pattern
correlation between the composites in (a) and (b). (c) Node 4 from a four‐node SOM configuration of 500 mb GPH from 1979–2016 (full SOM array shown in
Figure S6). (d) Probability of haze (PM2.5 > 100 μg/m3) and elevated PC1 (PC1 > 0.5 SD) given the occurrence of each SOM node, calculated using Bayes' theorem
(Text S2). Boxplots span the 5th–95th bootstrap percentiles. Probabilities are slightly reduced with higher thresholds (e.g., 150 μg/m3 and 1 SD). In all maps, star
denotes Beijing (40°N, 116.5°E) and domain is 30–65°N and 60–145°E.
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synoptic cause. PC1 explains ~65% of the variance among the ingredients (Figure S4) and is the only one of
the three PCs strongly related to PM2.5 (Figure S3), so we do not analyze the others further.

Anticyclones contribute to each ingredient and therefore haze formation by (1) creating subsidence inver-
sions and warm air advection, increasing ELR (Chen & Wang, 2015; Zhao et al., 2013; Zhong et al., 2019);
(2) indicating a weakened EAWM, reduced northwesterlies, and enhanced anomalous southerlies, increas-
ing V850 (Chen &Wang, 2015; Pei et al., 2018; Zhong et al., 2019); and (3) allowing moisture to accumulate
in Beijing due to weakened dry northwesterlies, increasing humidity (Jia et al., 2015; Zheng et al., 2015).
Circulation composites on days with extreme PM2.5 concentrations and PC1 values are consistent with these
expectations (Figures 1a and 1b). In both composites, an anticyclonic anomaly along the Chinese coast and a
cyclonic anomaly over Russia emerge (Figures 1c and 1d), with similar patterns appearing independently for
each ingredient (Figure S5). This indicates that similar synoptic structures are present when pollutants actu-
ally accumulate (Figure 1a) and during pollutant‐favorable meteorology (Figures 1b and S5).

SOM classification reveals a similar cyclonic‐anticyclonic dipole (Figures 1c and S6) to the compositing ana-
lysis (Figures 1a and 1b), and the probability of haze is highest on days with this pattern (“node 4,”
Figure 1d). Poor air quality is more than three times more likely on node 4 days than node 1 days and
~50% more likely than on days associated with nodes 2 and 3 (Figure 1d). Node 4 is also more than twice
as likely to generate extreme PC1 values than any other node, emphasizing that anticyclonic circulation gen-
erates local haze‐favorable meteorology (Figure 1d). This independent metric of circulation provides a firm
grounding for evaluation of circulation‐meteorology linkages in climate models.

3.2. Modeled Circulation‐Meteorology Linkages

Coupled global climate models generally do not interactively simulate pollutants, but they do simulate atmo-
spheric circulation and the associated meteorology. We can therefore use observed relationships among air
quality, meteorology, and circulation to infer future haze risks using the models, assuming that (1) pollutant
emissions do not change and (2) anthropogenic forcing does not alter the relationship between air quality
and meteorology.

The circulation‐meteorology linkage can be expressed by grouping days into joint SOM node/PC1 bins
(Figure 2). While it appears that any node can generate haze as long as PC1 is elevated (Figure 2a, red colored
bins), the extreme PC1 anomalies that select for haze are more likely under the synoptic conditions asso-
ciated with node 4 than any other node (Figures 1d and 2b). Both ensembles reproduce the pattern that
greater PC1 value are more likely under node 4 and lesser PC1 values are more likely under nodes 1 and
2 (Figure 2c). The models have a slightly less stark partitioning of PC1 across the nodes (Figure 2d); both
ensembles underestimate the association between node 1 and negative PC1 values and slightly

Figure 2. (a) Observed fraction (bootstrap median) of each node/PC1 bin with poor air quality (PM2.5 > 100 μg/m3), 2008–2020. (b) Observed fraction (bootstrap
median) of all days falling into each bin, 1981–2010. (c) Ensemble mean fraction of all days falling into each bin, model years 1981–2010. Left triangles
refer to CESM1‐LE and right triangles to CMIP5 (see inset). (d) Difference between modeled and observed fractions. Dots represent statistically insignificant
(p > 0.005) differences, determined by a Kolmogorov–Smirnov (K‐S) test between the observed bootstrap distribution and each ensemble. CESM1‐LE dots refer to
the bootstrap median (n = 100) of K‐S tests on 10 random realizations.
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overestimate the association between node 4 and PC1 values between −1 and 1. These differences are often
statistically significant, though neither ensemble is statistically different than the observations for the node
4/extreme PC1 bin that is most favorable to haze (Figure 2d).

Our projection strategy involves calculating changes in modeled probabilities (Figure 2c) at three tempera-
ture targets and adding them to the observed probabilities (see section 2). This strategy constrains projec-
tions of haze‐favorable conditions under anthropogenic forcing. We then multiply the projected
probability of each pair by the probability of haze associated with that pair (Figure 2a), which we assume
is stationary, thus reconstructing haze probabilities at each temperature benchmark.

3.3. Assessing Projections and the Role of Internal Variability

Anthropogenic warming increases the frequency of days with haze‐favorable circulation and meteorology
(Figures 3a–3c). In both the CESM1‐LE and CMIP5 ensemble means, the node 4/extreme PC1 bin
co‐occurs on >40 additional days at 3°C than it does at 1.5°C (Figures 3a and 3c), an increase of 40–50%.
Decreases are apparent in days allocated to nodes 1 and 2 and low PC1 values (Figure 3c), indicating an
increase in haze‐favorable days at the expense of days that would limit pollutant accumulation. However,

Figure 3. (a–c) Projected change in number of days allocated to each node/bin pair at each temperature target. Dots
represent signal‐to‐noise ratios less than 1 (insignificant change; see section 2). (d) Projected haze probabilities at
three temperature targets for CESM1‐LE (red) and CMIP5 (blue). Gray shading shows the bootstrap 5th–95th percentiles,
1981–2010. Model boxplots span the 5th–95th percentiles of each ensemble. Inset numbers denote the percent of the
CMIP5 range spanned by CESM1‐LE.
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signal‐to‐noise ratios are small for many node/bin pairs at each temperature target; even with warming
exceeding Paris Agreement targets, both internal variability and model structural uncertainty are large
enough to mask forced changes in haze‐favorable conditions (Figures 3a–3c).

Increases in haze‐favorable circulation and meteorology translate into monotonic increases in haze prob-
abilities (Figure 3d). With warming of 3°C, both ensembles project between 60% and 65% of wintertime days
in Beijing to have poor air quality, 10–15 percentage points (pp) more than the present. Internal climate
variability, however, plays a significant role in these projections. CESM1‐LE spans more uncertainty than
CMIP5 at 1.5°C and almost as much at 2°C, consistent with findings that internal variability is greater earlier
in the century (Hawkins & Sutton, 2009) and indicating that previous air quality projections may have
undersampled initial‐condition uncertainty and overestimated the precision of their results. Moreover, there
is overlap between the CESM1‐LE distributions at the three temperature targets: almost 15% of CESM1‐LE
realizations have greater haze probability at 1.5°C than 2°C andmore than 10% have greater haze probability
at 2°C than 3°C. Hence, it is geophysically plausible for climate policy that is successful at limiting global
temperature rise to in fact worsen air quality in Beijing, entirely due to unforced climate variability, despite
the forced signal being a worsening of haze risk.

The drivers of haze risk change are presented in Figure 4. In both ensembles, anthropogenic forcing
increases the probability of extreme PC1 values (P(PC1 > 1), Figure 4a), slightly more in CMIP5 than
CESM1‐LE. This PC1 change in both ensembles is due almost entirely to a secular, thermodynamic increase
in specific humidity with warming (Figure S7). Neither ensemble projects large changes in ELR or V850
(Figure S7), consistent with Shen et al. (2018), though there is considerable ensemble variability in ELR.
Furthermore, while both ensembles predict mean increases in haze‐favorable node 4 occurrence
(Figures 4a and S7), their representation of future circulation variability is large and spans the possibility
for both multidecadal increases and decreases in node 4 occurrence. Uncertainty in node 4 changes in the
CESM1‐LE stems entirely from CESM's representation of internal variability and spans some 40 pp, from
a decrease of 10 pp to an increase of 30 pp, all consistent with the same forcing. This range of circulation
changes is more than three times the uncertainty in the multimodel CMIP5 (P(Node 4), Figure 4a). Our pro-
jection of increased haze risk is therefore driven primarily by a thermodynamic increase in atmospheric
moisture along with a modest dynamical increase in anticyclone occurrence.

Using both single‐model and multimodel ensembles allows us to explore the relative uncertainties asso-
ciated with each component of haze risk. While changes in the joint probability of SOM node 4 and extreme
PC1 values are similarly uncertain in both ensembles (ΔP(Joint), Figure 4b), internal variability substan-
tially exceeds structural uncertainty in node 4 frequency projections (ΔP(Node 4), Figures 4a and 4b).
However, structural uncertainty remains crucial in determining the extreme meteorology underpinning

Figure 4. (a) Projected changes in the probabilities of node 4 occurrence (gold), extreme PC1 values (green), and the joint
occurrence of node 4 and PC1 > 1 SD (black) at 3°C temperature change. The central dots represent the ensemble
mean, bars denote SDs, and triangles denote ensemble members more than 1 SD from the mean. (b) Ensemble SDs in the
three quantities in panel (a) (left y‐axis), as well as the three meteorological ingredients (right y‐axis). CESM1‐LE bar
height and errors bars correspond to the median and SD of 100 random samples of 10 realizations, matching the 10
CMIP5 models.
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future haze risks, being twice as large as that arising from internal variability (ΔP(PC1 > 1), Figure 4b).
Structural uncertainty in PC1 is dominated by uncertainty in ELR (Figure 4b), which is the only ingredient
that decreases under forcing in CMIP5 (Figure S7).

These results are a physically cogent partitioning of structural uncertainty and internal variability. For
example, thermodynamic changes in the lapse rate likely depend more onmodel physics than model expres-
sions of modes of variability (Pithan et al., 2014), suggesting a dominant role for intermodel differences in
determining ELR changes. At the same time, it is physically plausible for internal variability to dominate
projections of circulation change (Deser et al., 2014). Several mechanisms have been proposed to explain
changes to anticyclone occurrence near Beijing, such as circulation anomalies induced by the loss of
Arctic sea ice (Chen & Wang, 2015) or teleconnections to El Niño‐Southern Oscillation (ENSO, Liu
et al., 2017). Internal variability has been highlighted as a significant factor in historical and near‐future
sea ice loss (England et al., 2019), and it is becoming clear that changes to ENSO are difficult to constrain
without many ensemble members for a single model (Maher et al., 2018). These mechanisms may partially
explain the significant role of internal variability in CESM1‐LE circulation projections.

4. Conclusions and Discussion

Our work addresses two uncertainties in projections of air quality and climate in Beijing: (1) the role of cor-
related ingredients that influence pollutant concentrations and (2) the influence of internal variability on
projections of these conditions. Anticyclonic circulation explains co‐occurring increased humidity and
reduced ventilation, and cluster analysis can independently characterize this circulation, including the
anticyclonic mode most favorable to haze in Beijing (Figure 1). This analysis provides an objective metric
to compare representations of circulation in observations and models (Figure 2). Climate models indicate
that anthropogenic forcing is likely to increase pollutant‐favorable circulation and weather (Figures 3 and
4), but internal climate variability plays a significant role in shaping these projections (Figures 3 and 4).
Benchmarking these projections to climate mitigation targets demonstrates the value of large ensembles
as a policy evaluation tool, as we can isolate the role of climate variability in influencing mitigation policy
success or failure.

Our projection of increased haze is consistent with some existing studies (Cai et al., 2017; Chen et al., 2019;
Pei et al., 2018; Wang et al., 2015), but our work highlights the critical role of internal climate variability in
these projections, which may have been undersampled in assessments making the opposite claim. Our
results also reconcile other divergent projections of Beijing's air quality (cf. Cai et al., 2017; Shen et al., 2018).
Unifying multiple ingredients with a single physical explanation allows us to account for changes in each
ingredient and their driving circulation. Additionally, projections that use different indices and combina-
tions of models may be confounded by internal variability, since uncertainty due to internal variability
can surpass intermodel uncertainty in the early 21st century (Figure 3). Accounting for internal variability
is therefore necessary to enable apples‐to‐apples comparisons between studies such as Cai et al. (2017)
and Shen et al. (2018). More generally, our findings caution against relying on multimodel ensembles for
projections of Beijing's air quality without incorporating the influence of internal variability, and we recom-
mend studies examining future air quality use both multimodel and large ensembles.

The “climate penalty” on air quality may be one of anthropogenic warming's most direct influences on
human health, and Beijing has seen calls for emissions controls to offset increases in meteorologically driven
haze (Yin & Zhang, 2020). Our results indicate that in order to fully quantify the costs and benefits of deci-
sions such as emissions regulations, decision makers must incorporate a robust treatment of internal varia-
bility. Incorporating this source of uncertainty may result in a wider spread of possible outcomes, but these
outcomes will represent a more comprehensive account of Beijing's air quality future and enable robust deci-
sion making to counter this major health hazard.
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