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Abstract.

Wintertime PM2.5 pollution in Beijing is increasingly governed by secondary aerosol formation, with sulfate and nitrate

constituting the dominant inorganic components. However, quantifying the contribution of ambient SO2 and NO2 to PM2.5

formation from observational data remains challenging because precursor–PM2.5 relationships are confounded by meteoro-

logical variability, regional transport, and unmeasured emissions. Using routine monitoring data from Beijing heating sea-5

sons during 2016–2023, we develop an episode-based causal framework that restricts the analysis to calm periods to address

transport-related confounding, and estimates nonlinear precursor responses using shape-constrained additive models incorpo-

rating emission proxies and precursor effect modification.

The proxy-calibrated model shows that combustion-related primary emissions remain the dominant unresolved confounder

during calm episodes. Precursor concentrations lagged by 2–3 h explain short-term PM2.5 changes, with faster apparent sec-10

ondary processing in the pollution-hotspot southeastern urban area. Effect-modification analysis indicates that the SO2 response

is primarily regulated by thermal conditions. Annual attribution shows that SO2 reductions dominated precursor-associated

PM2.5 improvements in the early years, but their contribution weakened as ambient SO2 declined and its marginal effect di-

minished at low concentrations. In contrast, NO2 sensitivity increases consistently at higher O3 levels, suggesting that elevated

O3 in recent years may have enhanced nitrate-related PM2.5 formation, consistent with the increased benefits associated with15

NO2 reductions after 2020. These results indicate a transition toward increasingly nitrate-sensitive wintertime PM2.5 formation

in Beijing and show that routine monitoring data can provide chemically interpretable precursor sensitivities when transport

and emission confounding are explicitly constrained.

1 Introduction

Ambient fine particulate matter (PM2.5) pollution remains a leading global environmental risk factor, contributing to millions20

of premature deaths annually from cardiovascular and respiratory diseases (World Health Organization, 2021). While the World

Health Organization (WHO) has progressively tightened its air quality guideline (AQG) level for annual PM2.5 from 10 to 5

µg m−3, recent global and regional assessments indicate that only a small fraction of the world’s population resides in areas

meeting this standard (Yu et al., 2023; Gouveia et al., 2021; Han et al., 2022). For regions still exceeding the WHO Interim

1

https://doi.org/10.5194/egusphere-2026-3211
Preprint. Discussion started: 5 August 2026
c© Author(s) 2026. CC BY 4.0 License.



Target-1 (35 µg m−3), the revised health-based thresholds imply an increasingly wide gap between current air quality and25

levels required for adequate health protection (Ouyang et al., 2022; Ma et al., 2025).

Developing economies such as China have achieved remarkable progress through stringent policies, but the recent slowing

pace of improvement suggests diminishing marginal returns to conventional control measures (Chen Group, 2025); Beijing

exemplifies this challenge, as despite phasing out coal combustion its wintertime PM2.5 levels persistently remain above the

WHO air quality guideline, necessitating a shift toward precision-oriented strategies. Secondary formation is a dominant driver30

of wintertime PM2.5 in northern China (Ma et al., 2017; Xu et al., 2019; Sun et al., 2021), and regulating precursors such as SO2

and NO2 is central to air quality policy. However, quantifying their causal and marginal effects on PM2.5 from observational

data remains difficult, because meteorology, regional transport, and emission variability are tightly intertwined. Capturing the

regime-dependent behavior of these precursors is therefore critical for designing cost-effective control strategies in a changing

atmosphere.35

Existing approaches have provided important insights into secondary PM2.5 formation from complementary perspectives,

but robust empirical evidence on precursor–PM2.5 response mechanisms under ambient conditions remains limited. Process-

based chemical transport models (e.g., CMAQ, CAMx, WRF-Chem) enable controlled scenario analysis and have been widely

used to investigate atmospheric processes, but their results remain sensitive to uncertainties in chemical mechanisms, emission

inventories, and poorly constrained secondary pathways (Kitayama et al., 2019; Luecken et al., 2019; Zhang et al., 2019).40

Receptor-based methods such as Positive Matrix Factorization (PMF) can quantify secondary components from particle com-

position but cannot directly attribute them to ambient precursor concentrations or disentangle local formation from regional

transport (Kong et al., 2020; Yang et al., 2018). Although isotope tracer techniques can help quantify oxidation pathways

and source contributions (Guo et al., 2016), they require extensive sampling and may be limited by discrepancies between

laboratory-derived parameters and those under real atmospheric conditions.45

In this context, statistical causal inference offers a complementary, data-driven framework that leverages long-term observa-

tional data while allowing the incorporation of basic physicochemical constraints. This approach avoids reliance on the highly

specific mechanistic assumptions embedded in detailed equations and empirical parameters (Liang et al., 2015; Chen et al.,

2019; Zhang et al., 2020; Ren et al., 2021), which are not well constrained by ambient atmospheric observations. And compared

to studies focusing on individual pollution episodes or short-term case analyses, a long-term statistical perspective enables the50

identification of systematic and persistent precursor–PM2.5 relationships under real atmospheric conditions.

In studies of PM2.5 pollution formation, concentrations are jointly shaped by local accumulation processes and regional

transport governed by atmospheric circulation patterns (Cheng et al., 2015). The relative contributions of these two factors

vary substantially across space and time (Zhang et al., 2014; Ma et al., 2017), such that long-term observational datasets ag-

gregate periods governed by distinct physical and chemical regimes. To address the challenge of isolating precursor-specific55

PM2.5 responses under ambient conditions, we construct an episode-based analysis framework that characterizes local PM2.5

accumulation under transport-minimized conditions. This design incorporates the meteorologically informed selection proto-

col proposed by (Zhu et al., 2021), enabling the isolation of in-situ chemical production processes. Unmeasured variability in

primary emissions is further accounted for using carbon monoxide (CO) and coarse particulate matter (PM2.5-10) as emission
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proxies. Within this framework, we estimate nonlinear exposure–response functions using shape-constrained additive models60

(SCAM) and quantify the marginal effects of SO2 and NO2 on PM2.5 formation across concentration regimes and meteorolog-

ical conditions.

By providing empirical evidence on regime-dependent precursor sensitivities derived from long-term monitoring data, this

study offers a complementary perspective to existing modeling and source apportionment approaches. The results highlight

the importance of adaptive and dynamically optimized control strategies, in which precursor mitigation priorities are spatially65

heterogeneous and continuously adjusted in response to evolving atmospheric conditions.

2 Materials and Methods

2.1 Data and Variables

As part of the broader episode-based experimental design, our analysis focuses on the heating season (November 15 to March

15) from 2016 to 2023 in Beijing. By confining the analysis to this period rather than a full annual cycle, we reduce me-70

teorological confounding and more rigorously satisfy the distributional homogeneity assumptions underlying the statistical

models employed. In addition, the heating season is characterized by elevated emissions, which improves the identifiability of

source-receptor relationships-a key requirement for the proximal causal inference framework adopted here.

The causal analysis is based on hourly measurements of six conventional air pollutants (PM2.5, PM10, SO2, NO2, CO

and O3) from 11 monitoring stations operated by the China National Environmental Monitoring Center (CNEMC). PM2.5-1075

was obtained as the difference between PM10 and PM2.5. Meteorological variables, including surface temperature (TEMP),

relative humidity (HUMI), wind direction (WD), wind speed (WS), precipitation (RAIN), and atmospheric pressure (PRES),

were acquired from the National Meteorological Information Center (http://data.cma.cn/). Hourly boundary layer height (BLH)

data were obtained from the ERA5 atmospheric reanalysis of ECMWF and were spatially matched to the nearest monitoring

stations.80

Following Zhu et al. (2021) and Luo et al. (2022), we applied spatial and temporal processing to the dataset. Stations were

grouped into three clusters based on geography and emission characteristics (Fig. 1): a northwestern urban cluster (UrbanNW)

with cleaner conditions due to reduced regional transport; a southeastern urban cluster (UrbanSE) comprising more polluted

urban sites; and a suburban cluster (Suburban) with lower anthropogenic influence. Temporally, a five-point weighted moving

average filter was applied to hourly data to reduce noise, and dust events identified using the algorithm of Tong et al. (2022)85

were excluded to isolate anthropogenic pollution processes.

2.2 Calm Episode Selection

Following the data segmentation strategy of Zhu et al. (2021) that targets calm intervals after northerly cleansing events, we

use a Pollution Dispersion Index (PDI) to rank candidate calm-episode definitions and thereby derive a wind speed threshold

tailored to heating-period conditions. The index summarizes local dispersion capacity by combining the ventilation coefficient90
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Figure 1. Three site clusters of air quality monitoring stations in Beijing: Suburban (three sites, gray), UrbanNW (four sites, orange), and

UrbanSE (four sites, blue).

(VC, defined as the product of wind speed and boundary layer height) with relative humidity (HUMI) to penalize stagnant and

humid conditions (Tie et al., 2017; Horton et al., 2012; Yang et al., 2015). The PDI is defined as

PDI = 100×E [VCnorm × (1−HUMInorm)] , (1)

where VCnorm and HUMInorm denote min–max normalized ventilation coefficient and relative humidity, respectively. Lower

PDI values indicate episodes with weaker dispersion and are therefore more suitable for isolating local accumulation.

Candidate calm episodes were generated by applying a range of cumulative wind speed thresholds separately to northerly95

and southerly wind components. The combination giving the lowest mean PDI was selected, corresponding to CNthres = 3.3 m

s−1 and CSthres = 13.8 m s−1. Summary statistics of the selected calm episodes and the full threshold evaluation are provided

in the Sect. S1 and Sect. S4, Fig. S6 of the Supplementary Information (SI).

2.3 Causal Inference with Proxy Variables

We develop a proxy-calibrated causal inference framework to quantify exposure–response relationships that summarize how100

ambient SO2 and NO2 levels translate into episode-level PM2.5 outcomes under unmeasured emissions and nonlinear atmo-
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spheric processes across the three site clusters in Beijing. Within this framework, SO2 and NO2 are treated as integrated

exposure variables, with estimated effects representing their cumulative influence on PM2.5 accumulation over the course of

an episode; for NO2, this includes both its role as a direct precursor and its involvement in atmospheric oxidation processes

(Cheng et al., 2016).105

Confounding from regional transport and wet deposition is mitigated by restricting the analysis to calm episodes charac-

terized by the absence of persistent directional winds and precipitation. Concurrent measurements of CO and PM2.5-10 are

incorporated as proxy tracers for unmeasured local emission, denoted as W, given their limited chemical reactivity over short

timescales (Tie et al., 2017) and that combustion and dust emissions are major contributors to primary PM2.5 in Beijing (Sri-

vastava et al., 2021; Park et al., 2022). The assumed causal structure is summarized by the directed acyclic graph (DAG) (Pearl,110

2013) shown in Fig. 2.

Emissions

(unmeasured Ut-1)
Mt-1: Meteorology

−→
At-τ :t-1: SO2 & NO2

Wt: Current CO

& PM2.5-10

Yt: Current PM2.5

O3,t-1

Yt-1: Previous PM2.5

Wt-1: Previous CO

& PM2.5-10

Other precursors & oxidants:

NH3, VOCs, ·OH, etc.

Stratifying by year fixed effects

Causal target

Conditional on τ > 1

Figure 2. Directed acyclic graph (DAG) summarizing the assumed PM2.5 dynamics at time t under calm atmospheric conditions. Solid-

frame nodes denote variables explicitly adjusted for in the model, whereas the dashed-frame node denotes unmeasured or slowly varying

factors whose long-term influence is partially absorbed by year fixed effects.

We define a generic notation
−→
V j:t = (Vj , . . . ,Vt) to denote the lagged trajectory of a variable V from time j to t, and

introduce a τ -hour lag window to capture the influence of lagged precursor concentrations on PM2.5 driven by secondary

formation processes. Figure 2 prescribes that under calm conditions, Yt is influenced by its previous state Yt-1, the lagged

precursor trajectory
−→
At−τ :t-1, local emission intensity Ut-1, and meteorological and oxidative conditions Mt-1 and O3,t-1.115

Here O3 is treated as a state variable characterizing oxidative conditions.

Given the short duration of typical calm episodes (average 7.6 h, standard deviation 3.2 h), we aggregate the dynamics im-

plied by the DAG to an episode level; the hourly structural equations and the aggregation steps are provided in Sect. S2.1 of the

SI. Let i index years (2016—2023) and j index calm episodes within year i. Define the episode-level precursor exposure over

a lagged window τ∗ that captures the most influential period for secondary PM2.5 formation as Aij,τ∗ = (ASO2,ij ,ANO2,ij)
⊤,120
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the episode-averaged meteorological variables as Mij , the episode-averaged ozone concentration as O3,ij , and the episode

duration as Lij . Denote by Y0,ij and Yij the PM2.5 concentrations at episode onset and termination, and by W0,ij , Wij the

corresponding proxy vectors. The episode-level PM2.5 outcome and proxy variables are modeled jointly as

Yij = ψ0 +ψ
⊤
AAij,τ∗ +ψ⊤

MMij +ψY Y0,ij +ψOO3,ij +ψUU ij +ψLLij +
∑

r

ψrI(yearij = r)+ εY,ij , (2)

Wij = α0 +α
⊤
MMij +α

⊤
WW0,ij +αLLij +

∑

r

αrI(yearij = r)+αUU ij + εW,ij , (3)125

where U ij represents latent episode-level emission that jointly affects Wij and Yij , and εY,ij and εW,ij are error terms.

The suitable τ∗ was determined via a nested model selection procedure based on the Bayesian Information Criterion (BIC).

This procedure identified that the cumulative precursor concentrations over the most recent 2–3 hours provided the strongest

explanatory power for current PM2.5. The selected windows were 2 h for UrbanSE and 3 h for UrbanNW and Suburban as

detailed in the SI Sect. S2.4.130

An innovation of this work is in extracting emission-related information from the fitted residuals of the proxy Model (3). Let

Ê[·] denote the fitted regression of Model (3) with the fitted residuals

W̃ij =Wij − Ê
[
Wij |Mij ,W0,ij , Lij , yearij

]
, (4)

which contains information of the underlying emission U ij . To reduce potential collinearity, we apply an orthogonal linear

transformation to W̃ij to obtain

eij =P⊤W̃ij , (5)

where P is a 2× 2 orthonormal matrix whose columns consist of the eigenvectors of the sample covariance matrix of the135

proxy variables W̃ij , computed across all episodes. The resulting eij are used to substitute the unobservable U ij in Model (2),

leading to the estimable model for the terminal episode PM2.5 outcome

Yij = ψ∗
0 +ψ

∗⊤
A Aij,τ∗ +ψ∗⊤

M Mij +ψ∗
Y Y0,ij +ψ∗

OO3,ij +ψ
∗⊤
e eij +ψ∗

LLij +
∑

r

ψ∗
r I(yearij = r)+ νij , (6)

where ψ∗
A is the effect of the aggregated precursor exposure over the effective window τ∗, ψ∗

M , ψ∗
Y , ψ∗

O, ψ∗
e , ψ∗

L, and ψ∗
r

are respective coefficients, ψ∗
0 denotes the intercept, and νij is an error term. Under the standard proxy-variable identification140

assumptions, the ordinary least squares estimator ψ̂∗
A provides a consistent estimate of this causal effect; see Sect. S2.2 of the

SI for details.

Given the possibly nonlinear evolution of pollutants and the modulation of precursor oxidation by environmental condi-

tions, we extend the linear outcome Model (6) to a generalized additive model (GAM) (Wood, 2017) that accommodates

nonlinearity and effect modification (Rothman et al., 2008). To adjust for emission-related confounding, we retain the same145

proxy-calibration strategy as in (4) and (5), but fit the auxiliary Model (3) via the GAM too. Specifically, for k = 1,2, let W (k)
ij

denote the episode-ending concentration of proxy k, with W (1)
ij =COij and W (2)

ij = PM2.5-10,ij . We fit

E
[
W

(k)
ij |W (k)

0,ij ,Mij ,Lij ,yearij

]
= α(k)

yearij
+ s

(k)
0

(
W

(k)
0,ij

)
+

∑

M∈M

s
(k)
M (Mij)+ s

(k)
L (Lij) (7)
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and then orthogonalize their residuals to obtain the proxy indices eij = (e1,ij ,e2,ij)
⊤, which are used as emission-related

variables in the nonlinear PM2.5 outcome model.150

Let Zij = (Y0,ij ,Mij ,O3,ij ,Lij) denote the covariates used to adjust for the initial pollution state, meteorological and oxida-

tive conditions, and episode duration. To allow precursor effects to vary across atmospheric regimes, let E∗
ij = {E∗

SO2,ij
,E∗

NO2,ij
}

denote the effect modifiers (VanderWeele, 2009) for SO2 and NO2. Candidate modifiers are drawn from {TEMP,HUMI,O3,Y0},

motivated by their well-established roles in secondary inorganic aerosol formation (Brown and Stutz, 2012; Wang et al., 2016;

Yang et al., 2020; Ma et al., 2023). We evaluate alternative single-modifier specifications and identify the dominant modifier155

for each precursor using a bootstrap-based Akaike Information Criterion (AIC) ranking procedure, as detailed in Sect. S3.1 of

the SI.

We then model the terminal PM2.5 concentration Yij as an additive function:

E[Yij |Aij,τ∗ ,Zij ,eij ,yearij ] = βyearij +ϕSO2
(ASO2,ij ,E

∗
SO2,ij)+ϕNO2

(ANO2,ij ,E
∗
NO2,ij)

+ se1(e1,ij)+ se2(e2,ij)+
∑

V ∈Z\E∗

sV (Vij),
(8)

where ϕSO2
and ϕNO2

are tensor-product spline smooths (Pya and Wood, 2015) constrained to be non-decreasing with respect160

to the corresponding precursor, ASO2 or ANO2 . The year-specific intercepts βyearij absorb unobserved interannual heterogene-

ity, se1 and se2 adjust for emission-related variation captured by the orthogonalized proxy indices, and the remaining covariates

which are not selected as effect modifiers, denoted as Z \E∗, enter additively through univariate smooth terms sV .

Estimation of Models (7) and (8) is performed using the penalized spline smoothing (Marx and Eilers, 1998) as implemented

in the scam and mgcv packages in R. Smoothing parameters are selected via the generalized cross-validation (Gu and Wahba,165

1991), balancing model goodness-of-fit against complexity through a quadratic roughness penalty. The fitted functions ϕ̂SO2

and ϕ̂NO2 in Model (8) offers PM2.5 response surfaces of the two precursors with their respective effect modifiers, while ŝe1
and ŝe2 provide the proxy emission effect, and the remaining ŝV offer those for the other covariate effects.

To gain insight on how precursor sensitivity varies with the modifier distribution, we consider the marginal effect of a

precursor evaluated at the q-th quantiles of its modifier. For SO2, the sensitivity measure is170

θSO2
(a,q) =

∂

∂a
ϕ̂SO2

(
a,E

∗(q)
SO2

)
, (9)

whereE∗(q)
SO2

is the q-th sample quantile ofE∗
SO2,ij

for a q ∈ (0,1). The sensitivity measure can be estimated by the differencing

method:

θ̂SO2
(a,q) =

ϕ̂SO2

(
a+ δ,E

∗(q)
SO2

)
− ϕ̂SO2

(
a− δ,E

∗(q)
SO2

)

2δ
, (10)

where δ is set as a fraction of the interquartile range of the SO2 distribution to balance numerical stability and local approxi-175

mation. That for NO2 can be obtained similarly.

The marginal effect of a precursor, say SO2, is obtained by averaging the predicted PM2.5 response over all episodes while

fixing SO2 at a given level a. Under the sum-to-zero identifiability constraints of the GAM (Wood, 2017), the contributions
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from other additive terms than SO2 (i.e., those containingANO2,ij , Zij , and eij) average to zero across episodes. Consequently,

the estimate is given by180

ŶSO2(a) =
1

n

∑

i

ni∑

j=1

β̂yearij +
1

n

∑

i

ni∑

j=1

ϕ̂SO2(a,E
∗
SO2,ij), (11)

where n=
∑

ini and ni is the number of episodes in year i. The marginal effect function ŶNO2
(a) for NO2 can be defined

similarly, and the joint response when fixing SO2 at a and NO2 at b can be estimated as

Ŷ (a,b) =
1

n

∑

i

ni∑

j=1

β̂yearij +
1

n

∑

i

ni∑

j=1

[
ϕ̂SO2

(a,E∗
SO2,ij)+ ϕ̂NO2

(b,E∗
NO2,ij)

]
. (12)

3 Results and Discussion185

We report major findings on the emission proxies, the effect modifiers governing SO2 and NO2 responses, and the resulting

nonlinear, regime-dependent precursor–PM2.5 relationships. We also present empirical support to the model specification of

Model (8) by showing how the proxy-based emission adjustment, nonlinear specification, and effect-modification structure

improve the modeling of terminal episode PM2.5 .

3.1 Proxy indices capture emission-related variation in PM2.5190

By regressing CO and PM2.5-10 (W) on the meteorological and other covariates as prescribed in (4), we obtained the fitted

residual W̃ij and then orthogonalized them to separate the residual proxy variation into a shared component e1 and a contrast

e2.

Figure 3 displays the terminal PM2.5 versus the constructed proxy indices e1 and e2, together with the fitted component

functions ŝe1 and ŝe2 , which characterize the partial effects of the emission proxies on PM2.5. Both e1 and e2 were positively195

associated with PM2.5, as shown in Fig. 3a, indicating that the residual proxy variation contained PM2.5-relevant information

after reducing confounding by meteorology and initial pollution levels. The Pearson correlation coefficients were 0.41–0.51

for e1 and 0.41–0.50 for e2 across the three site clusters, with all of them statistically significant at the 0.001 level.

The first proxy index, e1, represents the shared residual variability of CO and PM2.5-10 after removing the influences of

meteorology, initial conditions, episode duration, and year effects. This interpretation is supported by its positive correlations200

with both residualized CO and residualized PM2.5-10 across clusters, with Pearson correlation coefficients being 0.77–0.79

and 0.73–0.77, respectively. The second proxy index, e2, represents a contrast between combustion-related signals and coarse-

particle-related emissions, as it was positively correlated with residualized CO (0.64–0.69) and negatively correlated with

residualized PM2.5-10 (−0.64 to −0.61). Additional correlation statistics among the proxy indices, residualized proxy variables,

and observed pollutant concentrations are given in Sect. S4, Table S1 of the SI.205

The estimated partial effects ŝe1 and ŝe2 were nearly linear and positive, with some curvature for ŝe2 in the urban clusters.

Over the central 95% of the empirical distribution of e1, the fitted contribution to terminal PM2.5 increased by 43.4, 36.5, and

33.0 µgm−3 in the Suburban, UrbanNW, and UrbanSE clusters, respectively; the corresponding increases for e2 were 33.2,
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Figure 3. Scatter plots of terminal episode PM2.5 concentration versus the two emission proxy indices e1 and e2 (a) and the fitted partial

effects sei in Model (8) (b) for the three site clusters.

23.2, and 22.1 µgm−3. These results indicate that, after adjustment for meteorological and oxidative conditions, emission-

related variability exhibited an approximately linear association with PM2.5 and that emission sensitivity was the strongest in210

the suburban area. The positive fitted effect of e2 further indicates that, after separating the shared emission captured by e1, the

PM2.5 was more strongly associated with the residual variability aligned with CO than with that of PM2.5-10.

We assess the role of proxy adjustment by comparing Model (8) with a reduced version that excluded e1 and e2. It is

shown that incorporating the proxy indices substantially improved model performance across all site clusters. In the Suburban

cluster, the inclusion of the proxy terms increased R2 from 0.742 to 0.902 and reduced the RMSE by approximately 6 µgm−3215

(39.1%). For the UrbanNW site cluster,R2 increased from 0.719 to 0.880 and the RMSE decreased by 5.6 µgm−3 (35.2%). The

improvement was more moderate in UrbanSE where R2 increased from 0.727 to 0.845 and RMSE decreasing by 4.0 µgm−3

(25.0%). These consistent improvements support the effectiveness of the proxy adjustment strategy in capturing emission-

related residual variability that are not explained by meteorological and oxidative conditions.
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3.2 Oxidative and thermodynamic regimes regulate precursor effectiveness220

The conversion of SO2 and NO2 to the fine particulate matter is modulated by meteorological and oxidative conditions through

multiple chemical processes. We model these processes via the effect modifiers as in Model (8). Candidate modifiers included

TEMP, HUMI, O3, and initial PM2.5 concentration (Y0), which are known for their roles in the secondary aerosol formation.

This led to a total of 16 candidate modifier pairs (ESO2
,ENO2

) and 16 bivariate additive components ϕSO2
(ASO2

,ESO2
) and

ϕNO2(ANO2 ,ENO2) in Model (8). To find the best effect modifier pair, we computed the AIC model selection criterion that225

balanced the model goodness-of-fit and the number of smoothing spline terms used.

Figure 4 reports the relative AIC improvement scores for all 16 candidate pairs against the no-modifier version of Model (8).

To make the selected effect modifiers reflect dominant chemical drivers rather than accidental features of the observed episode

sample, we conducted 500 bootstrap random re-generation of the original episodes for each site cluster. The AIC improvement

score was defined as the average of the AIC improvement scores across the bootstrap resampled episodes and the three site230

clusters for each modifier pair. It shows that across all candidate pairs, models with bivariate precursor–modifier consistently

outperformed the no-modifier version with reduced average AIC scores. Among the 16 modifier pairs, the SO2–TEMP and

NO2–O3 alliance yielded the lowest average AIC score, leading to their selection as the chosen effect-modification structure.

These two quite stable effect modifiers reveal that oxidative capacity and thermodynamics are the key drivers of wintertime

secondary PM2.5 formation.235

Temperature was selected as the modifier for SO2 (Fig. 4b) and the second-ranked modifier for NO2 after O3 (Fig. 4c).

These indicate the thermodynamic sensitivity of the dominant chemical pathways for the conversion of these two precursors.

For SO2, low temperature favors aqueous and interfacial oxidation pathways (Cheng et al., 2016; Liu et al., 2020), including

manganese-catalysed SO2 oxidation on aerosol surfaces (Wang et al., 2021), whereas warmer conditions generally favors

gas-phase oxidation through faster OH-related reaction kinetics and enhanced photochemical radical production (Seinfeld240

and Pandis, 2016). The temperature modification of SO2 therefore reflected the importance of multiphase versus gas-phase

pathways in sulfate formation.

The temperature modification for NO2 also reflected the diurnal shift in oxidative pathways. In our data, temperature corre-

lated strongly negatively with the night-time fraction (ρ=−0.514, p < 0.001). The production and loss of NO2 were closely

tied to photochemistry, with a shift from daytime OH-driven nitrate formation (Chen et al., 2020) to nocturnal NO3/N2O5245

chemistry (Brown and Stutz, 2012). This diurnal shift implies that the temperature modification of NO2 can not be attributed

to the thermal sensitivity of a single dominant reaction.

The selection of O3 as the stable modifier (Fig. 4c) indicates that NO2 conversion was primarily regulated by oxidative ca-

pacity, consistent with the tight chemical coupling between NO2 and the O3-NOx system. NO2 photolysis is a primary daytime

source of ozone, while at night, reactions between NO2 and O3 control the formation of NO3 radicals and N2O5 (Brown and250

Stutz, 2012), which are key intermediates in heterogeneous nitrate production. The calm episodes selected in this study were

predominantly within the oxidant-deficient regime defined by Feng et al. (2021), where nitrate formation was sensitive to varia-

tions in O3 levels. Under higher O3 conditions, enhanced NO3/N2O5 chemistry promotes efficient nocturnal nitrate formation,
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Figure 4. AIC improvement scores for all 16 candidate effect-modification pairs relative to models without effect-modifiers within Model

(8) (a) and those for the SO2 modifiers (b) and the NO2 modifiers (c), with the error bars indicating ±1 standard error, obtained from 500

bootstrap episode replications and the three site clusters.

whereas under O3-limited conditions, NO2 may even exhibit neutral or negative associations with nocturnal nitrate formation

(Ma et al., 2023), a behavior that departs from the non-decreasing shape constraint imposed on the precursor–response func-255

tion. Ozone also emerged as an effective modifier of SO2 effects , even though laboratory evidence did not support a direct

role of ozone in enhancing SO2 oxidation efficiency (Jiang, 2010; Sun et al., 2014). This inconsistency suggests that O3 more

plausibly functions as a regime-level indicator of prevailing oxidative conditions that modulate precursor effectiveness (Feng

et al., 2021; Liu et al., 2021b).

In contrast, humidity and Y0 showed less stable modification. Humidity during most calm episodes remained below the 60%260

phase-transition threshold (Tie et al., 2017; Song et al., 2019). The less stable modifying effect implies that, in this semisolid

particle state, the effect of humidity on precursor conversion may be weak or highly nonlinear, making it difficult to capture

consistently with the chosen smooth terms. For the pre-existing particle surface area Y0, the attenuated stability may arise
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because its modifying role is confounded with other co-varying factors such as oxidant availability and particle acidity (Cheng

et al., 2016; Liu et al., 2021a). As a single scalar, Y0 does not fully represent the chemical state of the aerosol.265

3.3 NO2-dominant PM2.5 response and regime-dependent SO2 effects under winter calm conditions

We estimated the marginal effects of SO2 and NO2 on terminal PM2.5 and examined their spatial heterogeneity and temporal

trends. The response curves were computed using the estimates given in Eq. (11) for SO2 and similarly for NO2. To avoid model

extrapolation, we restricted predictions to exposure levels that actually occurred across all episode duration strata (L= 4–16

hours). This overlap restriction gave admissible ranges of 2–8 µg m−3 for SO2 and 18–58 µg m−3 for NO2.270

3.3.1 Spatial heterogeneity in the effects of sulfate and nitrate precursors on PM2.5 accumulation

Figure 5 shows the estimated terminal PM2.5 responses as functions of precursor concentrations. The marginal effects for

SO2 and NO2 (denoted ŶSO2
(a) and ŶNO2

(a)) and their joint response surface Ŷ (a,b) were obtained by fixing the respective

precursor levels while averaging over the other covariates according to Eqs. (11) and (12).

Within the current concentration regime, NO2 reductions dominated the expected PM2.5 benefit in Suburban and UrbanNW,275

whereas SO2 and NO2 reductions yielded comparable benefits in UrbanSE. Reducing NO2 from 58 to 18 µg m−3 lowered the

estimated terminal PM2.5 by 11.0, 20.3, and 5.1 µg m−3 in Suburban, UrbanNW, and UrbanSE, respectively, whereas reducing

SO2 from 8 to 2 µg m−3 lowered PM2.5 by 4.3, 3.0, and 5.2 µg m−3, respectively.

The SO2 response exhibited a mildly increasing slope over its empirical range, meaning that PM2.5 sensitivity to SO2

was higher when SO2 concentrations were elevated. The weaker slope at low SO2 levels was consistent with Beijing’s air-280

quality trajectory: rapid PM2.5 improvement during the early SO2 decline was followed by slower gains after SO2 reached

a low baseline. Mechanistically, the attenuated response at low SO2 may reflect a combination of enhanced oxidant-driven

conversion that partly offsets reduced precursor supply (Zhao et al., 2025), reduced new particle formation (Kulmala et al.,

2014; Chu et al., 2019), and shifts in sulfur gas–particle partitioning (Lan et al., 2024).

The relative magnitudes of the two precursors’ effects differed across the site clusters. UrbanNW showed the largest NO2285

response and the weakest SO2 response, indicating that PM2.5 accumulation there was primarily governed by reactive nitrogen

chemistry. UrbanSE, in contrast, exhibited the weakest NO2 response, consistent with its central urban location where high

NOx emissions and strong O3 titration suppress nitrate formation pathways. The high NO2/O3 ratio at UrbanSE (mean 2.1, SD

3.7) fell within the O3-limited regime proposed by Ma et al. (2023), where N2O5 hydrolysis was suppressed. Nevertheless, the

preserved SO2 responsiveness indicated that sulfur oxidation pathways remained active, as sulfate formation is less directly290

constrained by O3 availability.

In Suburban, the fitted responses indicated relatively stronger local sensitivity to SO2 than to NO2, especially at higher

concentrations. The bivariate density estimates showed that high SO2 and high NO2 episodes tended to co-occur in this cluster

(SI Sect. S4, Fig. S9a). Under such conditions, competition for neutralizing ammonium may influence the relative formation

efficiencies of sulfate and nitrate, because sulfate is preferentially neutralized over nitrate when available NH+
4 is constrained295

(Chen et al., 2021). Although regional NH3 levels in the North China Plain are generally sufficient to sustain secondary
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Figure 5. Estimated responses of terminal PM2.5 to SO2 (a) and NO2 (b) during winter calm episodes, with shaded ribbons indicating

95% bootstrap confidence intervals, and the joint response surface under simultaneous fixation of SO2 and NO2 (c), with filled contours

representing the estimated terminal PM2.5.

inorganic aerosol formation at the system scale (Xing et al., 2018; Lim et al., 2020), the relatively short episode durations in

our analysis (mostly ≤ 9 h) implied that the estimated exposure–response relationships primarily reflected near-term responses

where local ammonium depletion may preferentially attenuate nitrate formation.

The joint response surfaces in Fig. 5c further illustrate the SO2 and NO2 trade-off in PM2.5 formation. In UrbanSE, the300

broad, curved contours indicated weak overall precursor sensitivity but a concentration-dependent trade-off: the relative cost-

effectiveness of controlling each precursor varied with their ambient concentration levels. In Suburban, the contours were

more densely spaced and closer to straight diagonal lines, suggesting an approximately proportional trade-off. A support-wide

average slope indicated that a 1 µg m−3 reduction in SO2 yielded roughly the same PM2.5 benefit as a 2.58± 0.67 µg m−3

reduction in NO2. UrbanNW showed a contrasting pattern. The contours varied mainly along the NO2 dimension, reinforcing305

the single-precursor result that PM2.5 responses were dominated by NO2 variability. In per-unit terms, however, the two

precursors had comparable marginal effects: a 1 µg m−3 reduction in SO2 gave roughly the same benefit as a 1.06± 0.74

µg m−3 reduction in NO2.
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3.3.2 Regime-dependent modification of precursor sensitivity

We further examined how temperature and O3 levels modify the SO2 and NO2 responses. Following Eq. (10), the marginal310

effect curves were evaluated at selected percentiles q ∈ {10%,25%,50%,75%,90%} of TEMP (for SO2) and O3 (for NO2).

Figure 6 shows how precursor sensitivity changes with precursor concentration and modifier level across site clusters.

The modifying role of O3 on NO2 was consistent across clusters: NO2 sensitivity increased with O3 levels, reflecting that

the per-unit increase in NO2 had a stronger effect on PM2.5 formation under enhanced oxidative capacity. In UrbanNW, the

effect modification by O3 was most pronounced.315

Figure 6. Marginal effects of SO2 and NO2 on PM2.5 evaluated at selected percentiles of the corresponding effect modifier (indicated by

color).

Temperature modified SO2 effects in a regime-dependent manner. In Suburban and UrbanSE, where SO2 sensitivity was

comparable to or greater than that of NO2, the SO2 effect increased with temperature. This positive modification was strongest

in Suburban, likely reflecting its higher O3 levels and more photochemically active conditions. Under such conditions, warmer

temperatures may enhance SO2 oxidation through faster reaction kinetics and greater oxidant availability, including a larger

potential contribution from gas-phase OH oxidation.320

UrbanNW showed a different pattern. The SO2 effect increased at higher temperatures but also strengthened during very

cold episodes. This non-monotonic modification would not arise from simple covariation, indicating a plausible shift in the

dominant chemical regime. UrbanNW showed the strongest marginal effect of NO2 across Beijing, suggesting that reactive

nitrogen chemistry was more likely to interact with sulfur oxidation pathways than in other site clusters. Low temperatures

thermodynamically favour the stability of N2O5 and the partitioning of NH3 and HNO3 into particulate ammonium nitrate325
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(Behera and Sharma, 2010; Dong et al., 2020; Balamurugan et al., 2022). The resulting increase in aerosol liquid water associ-

ated with hygroscopic nitrate salts can enhance multiphase reactivity (Liu et al., 2021a), facilitating heterogeneous uptake and

aqueous-phase SO2 oxidation, including pathways involving NO2 (Cheng et al., 2016; Wang et al., 2016). The strengthened

SO2 response during the coldest episodes may therefore indicate a greater role of heterogeneous and aqueous-phase sulfur

oxidation in UrbanNW.330

3.3.3 Early SO2 gains and increasing NO2 effects on PM2.5 improvement after 2016

To quantify precursor-associated PM2.5 changes after 2016, we constructed duration-standardized responses. For each year

r, precursor p, and episode duration stratum L, we evaluated the fitted precursor-specific smooth ϕ̂p(Ap,E
∗
p) by pairing the

observed Ap values from year r within stratum L with modifier values E∗
p drawn from the pooled 2016—2023 empirical

distribution conditional on stratum L. The resulting stratum-specific responses were then averaged using the pooled 2016—335

2023 duration distribution as reference weights. The precursor-associated PM2.5 change for year r was defined as the difference

between the resulting standardized response and its 2016 counterpart. Implementation details are provided in the Sect. S3.4 of

the SI.

Figure 7. Estimated changes in PM2.5 relative to 2016 attributable to SO2 (blue) and NO2 (red) reductions (a), and scatter plot of episode-

average SO2 and NO2 concentrations with year-specific 95% concentration ellipses, 2016–2023 (b).

Figure 7 shows the estimated changes in PM2.5 relative to 2016 attributable to precursor reductions, alongside the joint

distribution of SO2 and NO2 concentrations during calm episodes from 2016 to 2023. Across all clusters, the largest reduction340

occurred between 2016 and 2017, after which the estimated terminal PM2.5 levels of calm episodes remained relatively stable.

SO2 reductions accounted for the larger share of the precursor-associated PM2.5 decrease in most clusters and years. This

dominance was most pronounced in UrbanSE, where the estimated SO2-associated reduction reached 13–14 µg m−3 relative

to 2016 and remained substantially larger than the NO2 contribution throughout the study period. A similar but weaker pattern

appeared in the Suburban cluster, with SO2-associated contrasts stabilizing at 8–10 µg m−3 after 2016. In UrbanNW, the345

SO2-associated reduction stayed below about 5 µg m−3 over the entire period.
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The relative contribution of NO2 reductions was smaller overall but increased after 2020, especially in UrbanNW. Although

SO2 explained most of the early PM2.5 improvement in this cluster, the NO2-associated reduction grew substantially during

2021–2022 and became comparable to that of SO2. However, a modest rebound of NO2 concentrations in 2023 led to corre-

sponding increases in NO2-attributable PM2.5 across all three clusters, with estimated increments of 0.5–3.4 µg m−3 relative350

to 2022.

3.4 Model performance and robustness

To assess whether the resulting model specification provided an adequate representation of PM2.5 accumulation during calm

episodes, we evaluated the predictive performance of the fitted outcome model and the incremental contribution of the nonlinear

and proxy-adjusted specifications.355

Table 1 presents the R2 and RMSE for linear and nonlinear models under different specifications across the three site

clusters. The fitted Model (8) yielded adjusted R2 values of 0.903, 0.880, and 0.845 and RMSE values of 9.3, 10.3, and

12.0 µgm−3 for Suburban, UrbanNW, and UrbanSE, respectively. Compared to its linear counterpart using the same covariate

set and interaction structure, the nonlinear full model increased R2 by 0.045–0.074 and reduced RMSE by 2.4–3.1 µgm−3

(19%–23%) across the three clusters. Within the nonlinear framework, adding the proxy indices further increased adjusted R2360

by 0.118–0.161 and reduced RMSE by 4.0–6.0 µgm−3.

Leave-one-episode-out cross-validation provided an assessment of out-of-sample generalizability. The RMSE differences

between the nonlinear full model and the linear full model were +2.18, +0.12, and –0.11 µgm−3 for Suburban, UrbanNW,

and UrbanSE, respectively (positive values indicate higher error for the nonlinear model). These comparable RMSEs indicate

that the improved in-sample fit of the nonlinear specification does not come at the cost of substantially reduced predictive365

generalizability.

Table 1. The adjusted R2 and the root mean square errors (RMSE) in parentheses for various model structures with respect to proxy-based

emission adjustment, effect modification, and nonlinear specification across the three site clusters.

Linear model Nonlinear model

Site cluster Without proxy Full model Without proxy Without modifier Full model

Suburban 0.611 (19.3) 0.858 (11.7) 0.742 (15.3) 0.883 (10.2) 0.903 (9.3)

UrbanNW 0.591 (19.5) 0.806 (13.4) 0.719 (15.9) 0.865 (11.0) 0.880 (10.3)

UrbanSE 0.597 (19.8) 0.775 (14.8) 0.727 (16.0) 0.827 (12.7) 0.845 (12.0)

For the linear model, the full model includes the proxy terms and linear precursor–modifier interaction terms. For the nonlinear model, the full specification is

given by Model (8). The nonlinear model without modifier includes the same proxy terms but replaces the bivariate precursor–modifier smooths with separate

shape-constrained univariate smooth terms for the precursors and univariate smooth terms for the selected modifiers.
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Although the linear full specification already achieved reasonable model fit (adjusted R2 ranging from 0.775 to 0.858),

the extension to the nonlinear GAM framework further improved the model goodness-of-fit without appreciably sacrificing

predictive generalizability, as evidenced by the consistent cross-validation performance.

We also tested a GAM specification using the same covariates as Model (8) but with univariate smooth functions for all370

covariates. Incorporating effect modification further enhanced the nonlinear proxy-adjusted models, increasing R2 by 0.015–

0.020 and reducing RMSE by 0.7–0.9 µgm−3 relative to the corresponding non-interaction specifications; see Sect. S3.3 of

the SI for explicit formulas of each model specification, and Figs. S7 and S8 in Sect. S4 for the fitted smooth terms of the final

outcome model.

4 Conclusions375

Using routine monitoring data from Beijing winter heating seasons during 2016–2023, this study develops an episode-based

framework to quantify the effects of ambient SO2 and NO2 on PM2.5 accumulation under dispersion-limited conditions. By

restricting the analysis to calm episodes and using CO and PM2.5-10 as proxies for unresolved emissions, the framework reduces

the influence of regional transport and primary-emission confounding, allowing precursor sensitivities to be estimated under

relatively homogeneous atmospheric conditions.380

The analysis identifies a 2–3 h effective exposure window for precursor influence, with a shorter window in the more polluted

UrbanSE cluster, suggesting faster apparent secondary processing under pollution-hotspot conditions. Proxy calibration shows

that PM2.5 variability is mainly associated with combustion-related signals captured by CO, whereas the PM2.5-10-aligned

signal is weaker after isolating the shared emission component with CO.

The estimated precursor responses are nonlinear and regime dependent. Ozone is the most stable modifier of NO2 responses,385

while temperature is the most stable modifier of SO2 responses, suggesting that oxidative capacity and thermal conditions are

key regulators of precursor effectiveness during winter calm episodes. The magnitude and shape of these responses vary across

site clusters. Within the empirically supported concentration range, the SO2–NO2 trade-off in PM2.5 formation varies spa-

tially, with near-proportional substitution in Suburban, NO2-dominated responses in UrbanNW, and concentration-dependent

marginal substitution in the O3-limited UrbanSE region.390

Annual attribution further shows that SO2 reductions explain most precursor-associated PM2.5 improvements in the early

years after 2016, especially in UrbanSE. As ambient SO2 concentrations decline, the aggregate contribution of further SO2

reductions weakens, although the per-unit SO2 response remains comparable to, or locally greater than, that of NO2. In contrast,

the contribution associated with NO2 reductions increases after 2020 and becomes comparable to SO2 in UrbanNW during

2021–2022. Together, these patterns suggest a gradual shift toward a more nitrate-sensitive wintertime PM2.5 formation regime395

in Beijing.

Several limitations should be acknowledged. The analysis is restricted to heating-season calm episodes, which generally do

not coincide with the most severe pollution accumulation events; thus the extent to which the estimated precursor sensitivities

can be generalized to heavily polluted conditions remains uncertain. The inferred chemical interpretation is derived from
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long-term observational patterns and should therefore be interpreted as episode-average statistical regularities that incorporate400

uncertainty, rather than as explicit resolution of a unified chemical pathway operating across individual pollution events.

Overall, the results suggest that future wintertime PM2.5 mitigation in Beijing may become increasingly sensitive to NOx

control and oxidative-regime conditions, and that reducing O3 levels may help weaken the contribution of NO2 to PM2.5

formation. More broadly, the proposed framework demonstrates that routine monitoring data can provide chemically inter-

pretable estimates of regime-dependent precursor sensitivities when transport and emission-related confounding are explicitly405

addressed.
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