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Abstract. Accurate diagnosis of ozone (O3) formation sensitivity (OFS) is crucial for effective control strategies, but a long-

term, observation-based, interpretable assessment disentangling the roles of meteorology and emissions at the national scale 10 

is lacking. This study integrates OMI tropospheric columns of nitrogen dioxide (NO2) and formaldehyde (HCHO) from 2005 

to 2023, using the HCHO/NO2 ratio (FNR) as a proxy to track the spatiotemporal evolution of OFS in China. We develop an 

explainable machine learning framework coupling Random Forest (RF) and SHapley Additive exPlanations (SHAP) to 

quantify the contributions of meteorology and emissions at regional scales. Our findings reveal a policy-driven phase reversal 

in OFS: from 2005 to 2012, rising NO2 columns shifted much of China from NOx-limited to VOC-limited or transitional 15 

regimes. Post-2013, the Clean Air Actions led to a decline in NO2 and a modest increase in HCHO, triggering a nationwide 

return to NOx-limited conditions, especially in eastern China. Regionally, the Sichuan Basin (SCB) remained NOx-limited, the 

Pearl River Delta (PRD) transitioned rapidly to NOx-limited, and the Beijing-Tianjin-Hebei (BTH), Yangtze River Delta 

(YRD), and Fenwei Plain (FWP) showed gradual shifts from VOC- to NOx-limited regimes. SHAP analysis identifies 

temperature and surface shortwave radiation as dominant meteorological drivers, while emission patterns vary regionally: non-20 

methane volatile organic compounds (NMVOCs) dominate in BTH, NOx in PRD, and carbon monoxide (CO) amplifies radical 

cycling in FWP, YRD, and SCB. These results support a “climate-dominated, emission-modulated” framework for OFS 

restructuring, offering a transferable diagnostic tool for differentiated O3 control strategies. 

1 Introduction 

China has enacted a series of unprecedented clean air policies over the past decade, notably the “Air Pollution Prevention and 25 

Control Action Plan (2013–2017)” and the “Three-Year Action Plan for Winning the Blue Sky Defense Battle (2018–2020)” 

(Chinese State Council, 2013; Chinese State Council, 2018). These measures have driven substantial declines in fine particulate 

matter (PM2.5), yielding stagewise improvements in air quality (Geng et al., 2024; Liu et al., 2024). Yet, in parallel, surface 

ozone (O3) has continued to rise (Li et al., 2020; Wei et al., 2022; Wang et al., 2022), emerging as the primary obstacle to 
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further air quality gains in the post-PM2.5 era. In recent years, China has become one of the regions most severely affected by 30 

O3 pollution worldwide (Lu et al., 2018). Major urban clusters such as the Beijing-Tianjin-Hebei (BTH) region, the Yangtze 

River Delta (YRD), the Pearl River Delta (PRD), the Fenwei Plain (FWP), and the Sichuan Basin (SCB) have experienced 

persistently elevated O3 concentrations (Chen et al., 2021; Deng et al., 2022; Guan et al., 2021; Hu et al., 2024), with 

documented risks to public health and ecosystems (Hua et al., 2025; Liang et al., 2024; Lin et al., 2018). 

As a secondary pollutant, O3 is produced through nonlinear photochemistry involving nitrogen oxides (NOx = NO + NO2) 35 

and volatile organic compounds (VOCs) under solar radiation (Seinfeld and Pandis, 2016). This nonlinearity implies that O3 

responds differently to changes in NOx and VOCs across regions and meteorological conditions. Accordingly, O3 formation 

sensitivity (OFS) is commonly categorized into NOx-limited, VOC-limited, and transitional regimes (Duncan et al., 2010; 

Kleinman, 1994; Martin et al., 2004; Schroeder et al., 2017; Sillman, 1999). Robust identification of OFS and clear attribution 

of its controlling factors therefore constitute core scientific prerequisites for effective O3 mitigation and differentiated multi-40 

pollutant control strategies. 

Methods for diagnosing OFS have advanced substantially in recent years, and can be broadly classified into model-based 

methods and observation-based methods (Liu and Shi, 2021), each with distinct strengths and limitations. Among the model-

based approaches, typical representatives include source tagging techniques and sensitivity experiments within air quality 

models. The source tagging techniques determine O3 formation regimes by tracking precursor contributions (e.g., NOx and 45 

VOCs) via air quality models. For instance, Wu et al. (2022) applied the Community Multiscale Air Quality (CMAQ) model 

coupled with the O3 Source Apportionment Technology (OSAT) and showed that OFS across the Pearl River Delta region 

varied markedly with meteorological conditions. The sensitivity experiments employ atmospheric chemical models (e.g., 

WRF-Chem and GEOS-Chem) to simulate O3 response to precursor emission variations, thereby evaluating the effects of 

precursors on O3 formation. Using an Observation-Based Model (OBM) coupled with WRF-CMAQ model, Zhang et al. 50 

(2024a) demonstrated dynamic shifts in northeastern China from VOC-limited or transitional regimes to NOx-limited regimes 

as pollution intensifies. However, both approaches are computationally expensive and tightly constrained by model accuracy, 

which can hinder broad operational use. By contrast, observation-based photochemical indicator methods offer a simple and 

computationally efficient alternative that has been widely adopted for regional OFS mapping. These methods use ratios of key 

photochemical species as regime discriminant. Sillman (1995) first proposed various indicators, such as the hydrogen peroxide 55 

(H2O2) / nitric acid (HNO3) ratio, which were later extended to indicators such as O3 / NOx and formaldehyde (HCHO) / 

nitrogen oxides (NOy = NOx + HNO3 + peroxyacetyl nitrate + alkyl nitrates) (Tonnesen et al., 2000). Among them, the satellite-

based HCHO / nitrogen dioxide (NO2) ratio (FNR) has gained prominence for regional-global diagnosis owing to its broad 

spatiotemporal coverage and strong regional representativeness (Chen et al., 2023; Li et al.,2024; Vazquez Santiago et al., 

2024). 60 

Previous studies indicate that over the past two decades, OFS across China has shifted in many regions from VOC-limited 

toward NOx-limited or transitional regimes (Du et al., 2022; Itahashi et al., 2022; Johnson et al., 2024). This evolution reflects 

not only changes in emission structures but also variability in meteorology and climate (Badia et al., 2023; Zhan et al., 2022). 
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Under ongoing climate change, more frequent extreme heat and enhanced shortwave radiation are expected to further reshape 

the regional distribution and long-term evolution of OFS (Chen et al., 2020; Vazquez Santiago et al., 2024). Yet, a clear 65 

quantitative understanding of how meteorology-emissions interactions jointly regulate OFS remains limited, and national-

scale assessments spanning multiple decades are scarce. 

To address this gap, we integrate OMI satellite observations of tropospheric NO2 and HCHO (2005–2023) to characterize 

the spatiotemporal evolution of O3 precursors and OFS across China, with explicit comparison of the periods before and after 

major air-quality policies (2005–2012 vs. 2013–2023). We then couple a Random Forest (RF) model with SHapley Additive 70 

exPlanations (SHAP) to quantify the relative contributions of meteorological and emission factors to OFS change. The 

resulting satellite-constrained, explainable machine learning (ML) diagnostic provides a decomposable and comparable 

attribution of meteorology versus emissions, advances understanding of regional heterogeneity and long-term mechanisms, 

and offers a decision-ready basis for region-specific, tiered O3 control strategies with broader relevance for global O3 pollution 

mitigation. 75 

2 Data and methods 

2.1 Study area and data sources 

2.1.1 Study area 

This study spans mainland China, with particular emphasis on five ozone-prone urban clusters: the Beijing-Tianjin-Hebei 

(BTH) region, the Yangtze River Delta (YRD), the Fenwei Plain (FWP), the Sichuan Basin (SCB), and the Pearl River Delta 80 

(PRD) (Fig. 1). 
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Figure 1. Study domain and five key city clusters: Beijing-Tianjin-Hebei (BTH), Fenwei Plain (FWP), Yangtze River Delta (YRD), 

Sichuan Basin (SCB), and Pearl River Delta (PRD). 

2.1.2 Satellite data 85 

Daily tropospheric NO2 and HCHO column data from 2005 to 2023 were obtained from the Ozone Monitoring Instrument 

(OMI) onboard the Aura satellite, accessible via the National Aeronautics and Space Administration (NASA) Goddard Earth 

Sciences Data and Information Services Center (https://disc.gsfc.nasa.gov, last access: 6 September 2025). The OMI sensor is 

onboard the Aura Earth observation satellite launched in 2004 (Levelt et al., 2006).  

Tropospheric NO2 data were derived from the OMNO2d Level-3 product, which provides the total tropospheric NO2 90 

columns under all-sky conditions and, after cloud screening, for cloud fraction < 30%; the native grid is 0.25° × 0.25° with 

units of molec.cm–2 (Krotkov, 2019). Total-column HCHO is obtained from the OMHCHOd product, with a spatial resolution 

of 0.1° × 0.1° and units of molec.cm–2 (Chance, 2019). 

Given the short lifetime of HCHO and its predominantly tropospheric burden, total-column HCHO is widely used as a proxy 

for tropospheric HCHO (Duncan et al., 2010). Nevertheless, clouds can degrade retrieval accuracy below cloud tops (Millet et 95 

al., 2006). To ensure quality, we excluded pixels with cloud fraction > 30% and anomalously large HCHO columns (> 1.0 × 

1017 molec.cm–2), following Zhu et al., (2017). We then applied a 3 × 3 (eight-neighbourhood) moving average to HCHO and 

resampled the smoothed fields to 0.25° × 0.25° to match the NO2 grid, following the approach originally applied to SO2 

(Koukouli et al., 2016). 
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2.1.3 Meteorological data 100 

Meteorological data for 2005–2023 were obtained from the ERA5 reanalysis dataset produced by the European Centre for 

Medium-Range Weather Forecasts (ECMWF) (Hersbach et al., 2020; https://cds.climate.copernicus.eu/, last access: 14 

September 2025). The dataset, originally available at a monthly temporal resolution and 0.25° × 0.25° spatial resolution, was 

regridded to the OMI-NO2 grid. This study employs the following meteorological variables for analysis: 2-m temperature (T), 

relative humidity at 1000 hPa (RH), surface solar radiation downwards (SSRD), 10-m wind speed (WS), surface pressure (SP), 105 

and boundary layer height (BLH) (Weng et al., 2022). 

2.1.4 Anthropogenic emission data 

Anthropogenic emission data for 2005–2023 were obtained from the Multi-resolution Emission Inventory for China (MEIC, 

http://www.meicmodel.org/, last access: 14 September 2025) developed by Tsinghua University, covering five sectors: power, 

industry, residential, transportation, and agriculture (Li et al., 2017). MEIC provides ten major species: sulfur dioxide (SO2), 110 

nitrogen oxides (NOx), carbon monoxide (CO), ammonia (NH3), carbon dioxide (CO2), non-methane volatile organic 

compounds (NMVOCs), fine particulate matter (PM2.5), inhalable particles (PM10), black carbon (BC), and organic carbon 

(OC) (Geng et al., 2024; Zheng et al., 2018). Following Zhang et al. (2024b) and related work linking emissions to O3 

variability via machine learning (ML), we selected monthly emissions of NOx, NMVOCs, CO, PM2.5, and SO2 as key predictors 

for diagnosing OFS. All emission data were resampled to 0.25° × 0.25° to match the grid of satellite NO2 data, ensuring spatial 115 

consistency across datasets. 

2.2 Methodology 

2.2.1 FNR-based ozone formation sensitivity classification 

We diagnose OFS using the satellite-based HCHO/NO2 ratio (FNR), defined as: 

FNR =
[𝐻𝐶𝐻𝑂]

[𝑁𝑂2]
,            (1) 120 

where [𝐻𝐶𝐻𝑂] and [𝑁𝑂2] denote tropospheric columns of HCHO and NO2, respectively. Following established thresholds 

(Itahashi et al., 2022; Jin and Holloway, 2015), OFS is classified as: VOC-limited when FNR < 1 (priority control of VOC 

emissions), NOx-limited when FNR > 2 (priority control of NOx emissions), and transitional when 1 ≤ FNR ≤ 2 (coordinated 

control of VOCs and NOx). 

2.2.2 Trend analysis and statistical testing methods 125 

To quantify the spatiotemporal trends of NO2 and HCHO columns during 2005–2023, we applied the nonparametric Mann-

Kendall (MK) test for trend significance (Hirsch et al., 1982) and the Sen’s slope for trend magnitude (Sen, 1968). The MK 

statistics are computed from all pairwise differences in a time series: 
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S = ∑ ∑ sgn(𝑥𝑗 − 𝑥𝑖)
𝑛
𝑗=𝑖+1

𝑛−1
𝑖=1  ,          (2) 

where n is the number of observations, xi and xj are values at times i and j, respectively (j > i), and sgn(·) is the sign function 130 

that quantifies the direction of change between two observations: it returns 1 when a later value (xj) is greater than an earlier 

one (xi), −1 when it is less, and 0 when they are equal. A positive (negative) S indicates an increasing (decreasing) trend. 

Statistical significance is assessed using the standardized test statistic Z: 

Z =

{
 

 
S−1

√Var(S)
 S > 0

0           S = 0
𝑆+1

√Var(S)
 S < 0

 ,           (3) 

where Var(S) represents the variance of the statistic S. When |Z| ≥ 1.96, the trend is considered statistically significant at the 135 

95% confidence level (p < 0.05). 

Trend magnitude is estimated by the Sen’s slope 𝛽, defined as the median of all pairwise slopes: 

𝛽 = Median (
𝑥𝑗−𝑥𝑖

𝑡𝑗−𝑡𝑖
) ,           (4) 

where ti and tj represent the time points of observations i and j, respectively. This MK–Sen framework is distribution-free and 

robust to outliers, making it well suited to satellite-derived time series. 140 

2.2.3 Machine learning model 

Random Forest (RF) is an ensemble machine learning algorithm based on multiple decision trees and is widely used for 

classification and regression (Breiman, 2001). It implements Bootstrap aggregation (bagging): each tree is trained on a 

bootstrap replica of the training data with feature randomness at each split, and predictions are combined by majority vote for 

classification or arithmetic averaging for regression to improve generalization and robustness (Breiman, 1996). 145 

Departing from most studies that regress O3 concentrations on candidate drivers (Luo et al., 2024; Yao et al., 2024), we 

frame the problem as classification to identify the key factors distinguishing OFS regimes. In this setting, the RF seeks to 

minimize overall misclassification. Given an input and an ensemble of trees, the predicted class is the plurality vote: 

𝑦̂ = argmax𝑘 ∑ I𝑇
𝑡=1 (h𝑡(𝑥) = 𝑘) ,          (5) 

where I(∙) is the indicator function, equal to 1 if the t-th tree assigns the sample to class k, and 0 otherwise. 150 

Given regional contrasts in topography, meteorology, and emission structures, we trained separate RF classifiers for each 

of the five urban clusters (BTH, FWP, YRD, SCB, PRD) to more precisely identify the dominant controls on OFS. Predictors 

included anthropogenic emissions (NOx, NMVOCs, CO, PM2.5, SO2) and meteorological parameters (RH, T, SSRD, SP, BLH). 

For each region, monthly gridded data for 2005–2023 were split by stratified sampling into 80% training and 20% test sets 

to preserve the class distribution of VOC-limited, NOx-limited, and transitional regimes (Pedregosa et al., 2011). 155 
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Hyperparameters were optimized via grid search with 10-fold cross-validation; the configuration achieving the highest mean 

cross-validation (CV) score was retained (Hastie et al., 2009). Tuned parameters included number of decision trees 

(n_estimators), maximum tree depth (max_depth), minimum samples per leaf (min_samples_leaf), and maximum features per 

split (max_features), as summarized in Table S1. 

Model performance was evaluated using macro-average Accuracy, Precision, Recall, and Fscore (Sokolova and Lapalme, 160 

2009), which can be calculated as follows: 

Average Accuracy =
1

𝐾
∑

𝑡𝑝𝑖+𝑡𝑛𝑖

𝑡𝑝𝑖+𝑓𝑛𝑖+𝑓𝑝𝑖+𝑡𝑛𝑖

𝐾
𝑖=1  ,         (6) 

Precisionm =
1

𝐾
∑

𝑡𝑝𝑖

𝑡𝑝𝑖+𝑓𝑝𝑖

𝐾
𝑖=1  ,          (7) 

Recallm =
1

𝐾
∑

𝑡𝑝𝑖

𝑡𝑝𝑖+𝑓𝑛𝑖

𝐾
𝑖=1  ,           (8) 

Fscorem =
1

𝐾
∑

2∙Precisionm∙Recallm

Precisionm+Recallm

𝐾
𝑖=1  ,                         (9) 165 

Here, K denotes the number of classes, i represents the class index, tpi is the number of true positives, fpi the number of false 

positives, fni the number of false negatives, and tni the number of true negatives for class i. 

2.2.4 SHapley Additive exPlanations (SHAP) approach 

SHapley Additive exPlanations (SHAP) is an interpretable machine learning framework grounded in cooperative game theory 

that attributes a model prediction to individual features via Shapley values (Lundberg and Lee, 2017). It is defined as follows: 170 

𝜑𝑖 = ∑
|S|!(𝑛−|𝑆|−1)!

𝑛!
[f(𝑆 ⋃{𝑖}) − f(𝑆)]𝑆⊆{1,…,𝑛}∖{𝑖}  ,           (10) 

where 𝜑𝑖 is the SHAP value of feature i, S represents the feature subset excluding feature i, f(𝑆 ⋃{𝑖}) and f(𝑆) are the model 

predictions for the corresponding subsets, and 
|S|!(𝑛−|𝑆|−1)!

𝑛!
 ensures that the contributions of all feature subsets are fairly 

distributed. A positive (negative) 𝜑𝑖 indicates that feature i increases (decreases) the predicted class probability or score for 

the instance considered. By computing SHAP values for each regional RF model, we identify the key features most responsible 175 

for discriminating among OFS regimes (NOx-limited, transitional, VOC-limited) across the five urban clusters. 

3 Results and discussion 

3.1 Spatiotemporal evolution of ozone precursors 

The spatial patterns and long-term trends of tropospheric NO2 and HCHO columns are shown in Figure 2. NO2 is highest over 

densely populated, industrialized urban clusters such as the BTH, YRD, and PRD regions (Fig. 2a), reflecting intensive energy 180 

consumption and traffic emissions in eastern China (Fu et al., 2022; Zheng et al., 2018). The annual mean NO2 column 
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concentration in BTH (10.71 × 1015 molec.cm−2 yr−1) is 2.75 times that in SCB (3.89 × 1015 molec.cm−2 yr−1) (Fig. S1), 

consistent with heavy industry (e.g., steelmaking) and winter heating by coal (Feng et al., 2014; Li et al., 2010). From 2005 to 

2012, nationwide NO2 increased by 38.9%, with the strongest growth in the east (maximum trend of 1.33 × 1015 molec.cm−2 

yr−1). An exception is the PRD region, where NO2 already decreased by 9.1% (maximum trend of −1.01 × 1015 molec.cm−2 185 

yr−1), marking an early turning point attributable to industrial restructuring and vehicular control (Bian et al., 2019; Lu et al., 

2020). Following major clean air policies in 2013, NO2 declined by 19.0% broadly (Fig. 2c), with the steepest decreases in 

eastern urban clusters, with the maximum reduction reaching −1.35 × 1015 molec.cm−2 yr−1, confirming policy-driven NOx 

reductions (Li et al., 2023; Shah et al., 2020). This inflection is central to subsequent OFS transitions. 

In contrast, HCHO columns are elevated not only over eastern urban clusters but also across the southwest regions (e.g., 190 

Guangxi, Yunnan, western Sichuan, and southern Tibet), where values can exceed those in the east (Fig. 2d). This distribution 

aligns with intensified emissions of biogenic VOCs (BVOCs) emissions under warm, high-irradiance conditions. Regionally, 

the PRD records the highest annual mean HCHO column (9.91 × 1015 molec.cm−2 yr−1) (Fig. S1), reflecting the combined 

influence of strong anthropogenic emissions and substantial biogenic contributions (Xia et al., 2024). The temporal evolution 

of HCHO differs from that of NO2. During 2005–2012, HCHO exhibited a modest national increase at a rate of 0.13 × 1015 195 

molec.cm−2 yr−1, corresponding to an 11.4% increase, with the most pronounced growth along the North China–East China 

urban corridor. From 2013 to 2023, large areas of northwestern China shifted to a clear increasing trend, and the national mean 

rate rose to 0.15 × 1015 molec.cm−2 yr−1, corresponding to a 23.7% increase. The sustained post-2013 rise is likely driven by 

two factors: (1) regional warming and enhanced shortwave radiation that stimulate BVOCs emissions (Wang et al., 2024); and 

(2) reductions in NOx emissions that outpaced the reduction in anthropogenic VOCs (AVOCs), altering the photochemical 200 

environment and increasing both HCHO production efficiency and atmospheric lifetime. Overall, the persistent increase in 

HCHO is consistent with the observed rise in surface O3 over the past decade (Wang et al., 2022; Xia et al., 2024). 

In summary, the long-term evolution of O3 precursors is jointly shaped by policy and climate. NOx levels declined in direct 

response to emission controls, whereas the persistent rise in HCHO underscores the climate sensitivity of natural sources. 
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 205 

Figure 2. Spatiotemporal variations of tropospheric NO2 and HCHO columns over China. (a, d) Distribution of annual average 

columns for 2005–2023; spatial distributions of the Sen’s slope and Mann-Kendall (MK) test results for annual means during 

2005–2012 (b, e) and 2013–2020 (c, f). Black dots in panels (b, c, e, f) mark grids that pass the MK significance test (p < 0.05). 

3.2 Spatiotemporal evolution of ozone formation sensitivity regimes 

3.2.1 Interannual variations of regional FNR 210 

From 2005 to 2023, interannual variations in FNR differed markedly among China’s five major urban clusters (Fig. 3). The 

SCB exhibited the highest annual mean FNR (3.07) and a modest upward trend (0.02 yr−1), consistent with a persistently NOx-

limited regime. This elevated FNR aligns with the basin’s climatic conditions, characterized by high temperature and strong 

shortwave radiation that enhance BVOCs emissions (Wang et al., 2024). Continued declines in anthropogenic NOx after 2013 

further increased the relative scarcity of NOx (Yang et al., 2025), reinforcing NOx limitation. The PRD showed a steeper 215 

increase in FNR (0.05 yr−1, p < 0.001), rising from 1.83 in 2005 to 2.63 in 2023. This trajectory indicates a shift from VOC-

limited or transitional regimes toward NOx-limited regimes, driven primarily by substantial NOx reductions from road traffic 

and industrial sources. 

The YRD, BTH, and FWP regions exhibited a U-shaped evolution. Specifically, during 2005–2012, FNR generally declined, 

indicating movement toward VOC-limited sensitivity. After 2013, FNR increased sharply as NO2 columns fell and HCHO 220 

columns rose moderately, pushing these regions back toward NOx-limited regimes. This pattern reflects the joint influence of 

policy and climate. Clean-air measures prioritized NOx abatement, while regional warming has enhanced the temperature-

dependent emissions of both AVOCs and BVOCs, thereby increasing O3 production efficiency (Pfannerstill et al., 2024; Wu 

et al., 2024). Together these factors elevated FNR and re-established NOx-limited regimes. 
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 225 

Figure 3. Interannual variations of FNR in key regions during 2005–2023. Box plots show the median (horizontal line), 25th and 

75th percentiles (box bounds), minimum and maximum (whiskers), and the mean (plus signs). 

3.2.2 Spatial distribution patterns of ozone formation sensitivity regimes 

Based on OMI-retrieved FNR, OFS in China during 2005–2023 exhibits a characteristic spatial pattern (Fig. 4): VOC-limited 

regimes predominate in eastern urban clusters, whereas NOx-limited regimes are more common in surrounding suburban and 230 

less developed areas. In urban clusters such as BTH and YRD, high anthropogenic NOx emissions depress FNR and yield 

predominantly VOC-limited regimes in most years. With increasing distance from urban cores, NOx emissions weaken and 

the relative contribution of BVOCs rises, producing higher FNR and a shift toward NOx limitation. This arrangement accords 

with previous studies and reflects regional contrasts in emission structures, land cover, and urbanization gradients (Chen et al., 

2020; Ren et al., 2022). 235 

The areal fractions of OFS regimes exhibit clear phase transitions around the Air Pollution Prevention and Control Action 

Plan (Fig. 4d). During 2005–2012, China shifted from NOx-limited toward VOC-limited or transitional regimes: the NOx-

limited fractions fell by 5.4%, while transitional and VOC-limited areas increased by 3.2% and 2.1%, respectively. Although 

both NO2 and HCHO columns rose in this period, NO2 increased more rapidly, lowering FNR and favoring VOC limitation. 

During 2013–2023, strengthened NOx emission controls, comparatively slower VOC abatement, and climate-driven 240 

enhancements in BVOC emissions collectively elevated FNR and steered the national OFS distribution back toward NOx 

limitation. By 2023, VOC-limited regimes accounted for only 0.2%, whereas NOx-limited regimes expanded to 89.4%. This 
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inverted U-shaped evolution of OFS underscores the asymmetry in precursor reductions during China’s air pollution control 

process and highlights the combined effects of policy interventions and climatic variability on regional O3 chemistry. 

 245 

Figure 4. Spatial distributions of FNR over China for (a) 2005, (b) 2012, and (c) 2023; (d) interannual variation in the areal 

proportion of OFS regimes during 2005–2023. 

3.2.3 Seasonal characteristics of ozone formation sensitivity regimes 

OFS exhibits marked seasonality (Fig. 5), largely reflecting the distinct seasonal cycles of its precursors, HCHO and NO2. 

Specifically, HCHO columns, influenced by BVOCs emissions and photochemical reaction rates (Narumi, 2009; Xue et al., 250 

2022), follow a “summer-high, winter-low” pattern (Fig. S2). In contrast, NO2 is elevated in winter and depressed in summer, 

consistent with heating-related emissions and seasonal changes in boundary layer height (Fig. S3) (Bai et al., 2025). The 

asynchronous variability of these precursors, combined with seasonal meteorology, produces pronounced seasonal shifts in 

sensitivity across China. The spatial distributions of OFS in spring and autumn are similar, with VOC-limited and transitional 

regimes mainly concentrated in core urban areas. Due to stronger photochemical activity in autumn (Zhang et al., 2025), the 255 

proportion of VOC-limited regimes is slightly higher than in spring, consistent with the findings of Sun et al. (2018a). 

In summer, high temperatures and strong shortwave radiation enhance BVOCs emissions, especially in forested and densely 

vegetated regions of southern China. The same radiative conditions accelerate NO2 photolysis and weaken O3 titration, thereby 

promoting photochemical O3 production (Pope et al., 2015). Under these high-VOCs, low-NOx conditions, FNR increases and 

most regions exhibit NOx-limited behavior, with the widest spatial extent of NOx-limited regimes observed in summer. 260 
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Winter presents a contrasting regime. Centralized heating and the combustion of coal and diesel substantially increase NOx 

emissions, raising NO2 columns (Fig. S3; Wang et al., 2019). Adverse dispersion conditions, such as low temperatures, weak 

winds, and a stable boundary layer, further inhibit vertical mixing and dilution (Su et al., 2020; Ahmad et al., 2024), reinforcing 

NO2 accumulation. Simultaneously, BVOCs emissions decline as vegetation becomes dormant, and reduced solar radiation 

lowers photochemical HCHO production, leading to a pronounced decrease in HCHO columns (Fig. S2). FNR correspondingly 265 

falls, and the atmosphere shifts toward VOC-limited regimes. Consequently, the spatial extent of VOC-limited areas reaches 

its annual maximum in winter, encompassing large portions of northeastern, northern, eastern, and southern China. 

The seasonal modulation of O3 sensitivity arises not only from direct changes in precursor abundances but also from 

nonlinear amplification within the photochemical reaction chain. Elevated summer temperatures accelerate peroxy radicals 

(HO2 and RO2) + NO reactions, increasing radical propagation and O3 production efficiency (Meng et al., 2023). In winter, 270 

despite weaker photochemistry, a shallow boundary layer traps pollutants near the surface (Xiang et al., 2019), intensifying 

NO titration of O3 and altering FNR and regime classification. Seasonal evolution of sensitivity regimes therefore reflects the 

combined effects of emission variability and meteorological control on oxidant levels and reaction pathways. 

These dynamics carry clear policy implications. Control strategies should be seasonally differentiated. In summer, priority 

should be given to NOx reductions to avoid enhancing O3 under NOx-limited conditions. In winter, coordinated VOCs controls, 275 

particularly from evaporative anthropogenic sources such as solvents and fuel evaporation, are needed to mitigate VOCs 

limitation and facilitate O3 abatement. Looking ahead, projected increases in BVOCs emissions under climate warming (Liu 

et al., 2019) underscore the need for adaptive, region- and season-specific strategies that couple sensitivity diagnostics with 

synergistic precursor reductions. 

 280 

Figure 5. Seasonal distribution of OFS regimes over China from 2005 to 2023. 

3.2.4 Impact of short-term COVID-19 lockdown on ozone formation sensitivity regimes 

The nationwide COVID-19 lockdown in early 2020 produced a sharp, short-lived reduction in anthropogenic emissions and 

provided a quasi-experiment to examine the response of OFS to abrupt emission perturbations. We stratified this interval into 

three phases: pre-lockdown (January 1–22, 2020; 22 days), during-lockdown (January 23–February 13, 2020; 22 days), and 285 

post-lockdown (February 14–March 7, 2020; 23 days). 
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Figure 6 displays the spatial distributions of O3 precursors and the FNR across these phases. Before the lockdown, a 

continuous belt of elevated tropospheric NO2 columns extended along the urban-industrial corridor spanning North, East, and 

South China. During the strict lockdown, both the spatial extent and intensity of high NO2 declined markedly, consistent with 

curtailed industrial activity and transportation. In the post-lockdown phase, areas with elevated NO2 columns rebounded 290 

partially, although levels remained below pre-lockdown conditions (Qiao et al., 2022; Zhao et al., 2022). HCHO generally 

tracked the NO2 evolution. However, during the post-lockdown phase, HCHO columns increased over South and Southwest 

China. This rise reflects the combined influences of intensified wildfire emissions from Myanmar and northern Vietnam and 

enhanced BVOCs emissions (Stavrakou et al., 2021). These patterns indicate that seasonal BVOCs emissions substantially 

elevated HCHO and, by increasing FNR, shifted OFS toward more NOx-limited conditions. 295 

Before the lockdown, major eastern urban regions were dominated by VOC-limited or transitional regimes. During the strict 

lockdown period, the sharp decline in NO2 elevated the FNR and led to a broad expansion of NOx-limited conditions. The 

PRD and YRD regions showed the fastest and most pronounced shift from VOC-limited to NOx-limited regimes. This shift is 

consistent with rapid NOx reduction that weakened urban O3 titration, leaving O3 production constrained by the diminished 

NOx supply. In contrast, the SCB remained largely NOx-limited throughout, although its core cities, Chengdu and Chongqing, 300 

persisted in VOC-limited regimes. During the post-lockdown phase, as NOx emissions rebounded, the North China Plain and 

the northern YRD partially reverted to VOC-limited and transitional regimes. The areal extent of these regimes increased 

relative to the strict lockdown phase but did not return to pre-lockdown coverage. 

The pattern of a short-term shock followed by rapid transition and partial rebound is consistent with the phased shifts 

observed during 2005–2023. Under warmer conditions with stronger solar radiation, reductions in NOx more readily drive OFS 305 

into the NOx-limited regime, thereby increasing the marginal effectiveness of NOx control. Conversely, OFS can revert toward 

VOC-limited or transitional regimes when NOx rebounds or when BVOCs emissions rise. These dynamics imply that in warm-

season urban clusters, deeper NOx cuts are likely to deliver more reliable O3 reductions. In winter and in northern regions 

affected by space heating, coordinated VOCs control is required to prevent regime reversal and O3 rebound. Urban greening 

plans and industrial restructuring should also evaluate the climate-amplified effects of BVOCs to avoid unintended increase 310 

in O3 formation potential. 
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Figure 6. Spatial patterns of tropospheric NO2 and HCHO columns, and FNR during the pre-, during-, and post- lockdown phases 

of early 2020. 

3.3 Drivers and regional differences of ozone formation sensitivity 315 

Identifying the drivers of OFS is essential for designing regionally tailored and forward-looking emission controls. SHAP 

analysis of the random forest model indicates that meteorological factors explain substantially more variance than emission-

related factors in OFS classification across the five urban clusters, with contributions (calculated from SHAP values) ranging 

from 64.6% in BTH to 83.6% in YRD (Fig. 7). This pattern points to the dominance of slowly varying climatic controls in 

shaping the spatial structure of OFS. Among meteorological predictors, 2 m temperature (T) and surface solar radiation 320 

downwards (SSRD) consistently ranked highest, reflecting thermally and radiatively driven modulation of atmospheric 

oxidation capacity. Surface pressure (SP), as an indicator of atmospheric stability, boundary layer depth, and large-scale 

subsidence, also ranks highly in most regions. Together, these results suggest that gradual shifts in climate (e.g., warming, 

increased solar radiation, and changes in stability), regulate photochemical reaction rates, boundary-layer mixing, and pollutant 
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dilution, thereby shaping the spatial pattern and phase transitions of OFS. Importantly, even if anthropogenic emissions 325 

stabilize, systematic meteorological changes can still trigger regime shifts in OFS. 

In contrast, emission-related drivers show pronounced regional heterogeneity, reflecting localized OFS responses to source 

profiles. In the BTH region, NMVOCs emissions contribute most (12.4%), indicating that the complex composition of 

residential heating, solvent use, and industrial emissions renders O3 formation highly sensitive to variability in VOCs emissions 

and prone to regime shifts. In the PRD region, NOx exerts the strongest influence (10.0%), consistent with extensive NOx 330 

abatement over the past decade and with a tendency of OFS to migrate toward NOx-limited regimes. In the YRD, SCB, and 

FWP regions, CO dominates among emission-related drivers, with contributions of 6.2%, 13.7%, and 9.2%, respectively. 

Mechanistically, under sustained NOx reductions, CO augments radical propagation through the CO + OH → HO2 pathway, 

increasing O3 production efficiency per unit of NOx (Ren et al., 2013). This radical amplification highlights the need to re-

assess the role of CO in O3 formation, particularly in low-NOx environments. 335 

 

Figure 7. Relative contribution of meteorological and emission factors to OFS classification. 

To diagnose the direction and nonlinearity of predictor effects on OFS, we interpreted model outputs for the five urban 

clusters using SHAP values (Fig. 8). The results indicate that, in NOx-limited regimes, increases in certain meteorological 

https://doi.org/10.5194/egusphere-2025-5732
Preprint. Discussion started: 17 December 2025
c© Author(s) 2025. CC BY 4.0 License.



16 

 

factors, particularly T and SSRD, produce positive SHAP values, indicating that warm, strongly irradiated conditions favor 340 

classification as NOx-limited. This behavior is consistent with established mechanisms: higher temperatures accelerate 

photochemistry and enhance BVOCs emissions, while stronger insolation speeds NO2 photolysis (Sillman and Samson, 1995). 

Although many AVOCs sources show weak intrinsic temperature dependence, emissions from evaporative sources (e.g., 

gasoline) rise sharply at high temperatures, reinforcing this tendency (Rubin et al., 2006). In the BTH and FWP regions, SP 

contributes strongly; lower SP is associated with synoptic situations that often co-occur with clear skies and intense radiation, 345 

thereby pushing the model toward NOx-limited conditions. By contrast, in VOC-limited regimes, cooler temperature and 

weaker radiation suppress overall photochemical rates, yielding negative SHAP contributions for T and SSRD and increasing 

the likelihood of VOC-limited classification. Together, the SHAP patterns reveal regime-dependent, nonlinear responses in 

which meteorological forcing can shift OFS through changes in oxidant production, radical recycling, and precursor 

availability. 350 

For emission-related factors, lower levels of NMVOCs, NOx, CO, and PM2.5 are generally associated with higher SHAP 

values, indicating a greater likelihood of NOx-limited conditions. Even after NMVOCs levels declined, many areas remain 

NOx-limited, implying that other VOCs emissions (e.g., biogenic and residual anthropogenic) are still sufficient to sustain NOx 

sensitivity. Because CO emissions often exceed those of NMVOC and NOx (Sun et al., 2018b), elevated CO can consume 

atmospheric hydroxyl radicals (·OH) and promote the conversion of NO to NO2, which strengthens the system’s dependence 355 

on NOx (Seinfeld and Pandis, 2016). In addition, reductions in PM2.5 decrease the heterogeneous uptake of HOx and NOx on 

particle surfaces, releasing more radicals and reactive nitrogen into the gas phase and increasing the responsiveness of OFS to 

NOx (Li et al., 2019). Its SHAP values are high only in the BTH, FWP, and SCB regions, indicating that its impact is mainly 

concentrated in these areas and relatively weak elsewhere. In summary, higher SHAP values under low precursor levels, high 

temperature, and strong radiation suggest that NOx-limited regimes are more likely to persist in relatively clean, 360 

photochemically active environment. 

By contrast, SHAP contributions in the transitional regime are fragmented and lack a consistent sign, indicating 

heterogeneous and context-dependent response to both meteorological and emission drivers. Such conditions typically arise 

where ambient NOx and VOCs are of comparable magnitude and meteorology is moderate but frequently perturbed, placing 

the system near a threshold at which small change in drivers can flip the prevailing sensitivity. This near-threshold behavior 365 

makes the transitional regime the most uncertain and operationally challenging domain for control, with strongly nonlinear 

responses and a higher risk of regime reversals. Identifying effective interventions in these areas will require high-resolution 

mechanistic modeling, ensemble-based scenario analysis, and locally tailored, adaptive management strategies. 

Our results indicate heightened sensitivity to NOx under warm, high insolation conditions. In regions with frequent heat and 

strong solar radiation, such as the PRD region, NOx remains the most effective lever for O3 control even as VOCs levels decline. 370 

In BTH, where VOCs variability is large, structural reductions in solvent and industrial VOCs emissions lower the probability 

of regime shifts. In the YRD, FWP and SCB regions, pronounced CO-driven radical amplification implies that integrated 
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management of CO and NOx is needed to mitigate increase in atmospheric oxidizing capacity and in O3 production efficiency 

per unit NOx.  

To operationalize these insights, we propose an “FNR–Meteorology–Measures” trigger framework, where the FNR and 375 

meteorological forecasts guide control priorities. When FNR rises alongside forecasts of high temperature and clear skies, NOx 

measures should be prioritized and tightened. When FNR decreases under milder conditions, coordinated VOCs controls 

should be deployed. In transitional regimes, NOx and VOCs control ratios and intervention timing should be adjusted 

dynamically according to seasonal patterns and expected extreme events. This framework can be integrated with near-surface 

O3 forecasting systems, regularly updated emission inventories, and health-risk assessments based on exposure-response 380 

functions to enable climate-aware, regionally differentiated governance. 

Overall, the spatiotemporal evolution of OFS in China from 2005 to 2023 reflects three primary mechanisms: (1) dominance 

of slowly varying meteorological drivers, (2) regional modulation by emission structures, and (3) nonlinear responses in co-

controlled transitional regimes. These findings provide empirical support for a coupled climate–chemistry–policy framework 

and offer actionable guidance for optimizing VOCs/NOx co-reduction pathways under a warming climate. 385 
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Figure 8. SHAP value distribution in typical urban clusters of China. 

4 Conclusion 

We combine OMI satellite data (2005–2023) with an explainable machine learning framework (random forest with SHAP 

attribution) to quantify spatiotemporal evolution of OFS in China under concurrent policy interventions and climatic forcing. 390 

Following national clean-air actions, tropospheric NO2 columns declined markedly while HCHO increased moderately, driving 
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a national shift in OFS from predominantly VOC-limited or transitional conditions (2005–2012) toward NOx-limited 

conditions (2013–2023). Spatial heterogeneity is pronounced: the SCB remained persistently NOx-limited, the PRD showed 

the strongest drift toward NOx-limited conditions and the BTH, YRD, FWP displayed dynamic reversion–transition behavior, 

confirming phased and regionally distinct evolution. 395 

Model interpretability highlights the dominance of meteorological controls. Temperature (T) and surface solar radiation 

downwards (SSRD) are the most influential predictors, and surface pressure, a proxy for synoptic stability and boundary-layer 

structure, also contributes strongly. Emission fingerprints vary by region: NMVOCs contribute most in BTH, NOx dominates 

in PRD, and CO acts as a radical amplifier in YRD, SCB, and FWP by enhancing HOx cycling. The sharp, short-term emission 

reductions during the COVID-19 lockdown further provide a quasi-natural experiment: rapid NO2 decline weakened urban O3 400 

titration and raised the FNR, triggering an abrupt expansion of NOx-limited conditions in eastern urban areas, followed by only 

partial reversion post-lockdown. 

These lines of evidence indicate that warming and stronger insolation systematically increase the returns to deep NOx 

reduction. Nevertheless, coordinated VOCs and CO emissions control remains essential in winter and under high-VOCs 

conditions, and join assessment of NOx–VOCs–PM2.5 is warranted because declining PM2.5 can raise photochemical efficiency. 405 

Overall, interactions between climatic variables and rapid emission changes, mediated by radical chemistry, titration balance, 

and boundary layer structure, govern the long-term evolution and spatial pattern of OFS in China. The satellite-indicator (FNR) 

and explainable-learning (RF-SHAP) framework enables multiscale, decomposable OFS diagnosis. The resulting “climate-

dominated, emission-modulated” paradigm, with transferable and policy-ready criteria, support dynamic rezoning of 

sensitivity regions and the design of seasonally and regionally differentiated NOx-VOCs co-reduction pathways, providing 410 

methodological support for O3 control and health co-benefits in megacity regions. 
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