
To reviewer 1  

Thanks so much for your valuable comments, which helped us so much revise the 

manuscript. We have fully revised it according to your comments. We are more than willing 

to conduct further revisions if additional requirements are given. The responses to the 

questions raised in your comment are as follows. 

In addition, we are very sorry that we posted wrong versions of author comment before. 

 

1. Measure and attribute spatial stratified heterogeneity (SSH). 

Response: Thanks so much for this comment. We employed the geographical detector to 

measure spatial stratified heterogeneity (SSH). Population and strata were annual surface 

ozone concentrations and the boundaries of four megacity clusters, respectively. 

Furthermore, we attributed SSH according to the methodology and findings from previous 

studies. 

We added the description of the geographical detector at lines 159-168 of the revised 

manuscript: 

“Since we aimed to apply a global model to determine the transitional range, it was necessary 

to examine whether the surface ozone concentrations in China was of spatial stratified 

heterogeneity (SSH), as suggested by Wang et al. (2016). We employed the geographical 

detector (Wang et al. 2010) to measure the SSH of surface ozone concentrations. The 

geographical detector calculates q-statistic to quantify SSH and the equation is summarized 

as follows: 
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Where N and σ2 denote the number of samples and the variance of population, h is the 

number of stratifications. The range of q-statistic is [0, 1]. The larger the q-statistic is, the 

stronger the SSH is. In this study, the boundaries of four megacity clusters served as strata. 

If the SSH is detected based on above-mentioned stratification, we could apply the 

polynomial model in each strata, separately.” 

The results of the geographical detector were shown in Table 1.  



Table 1: The q-statistic and p-value calculated by the geographical detector, which indicate 

the SSH of annual May-to-September mean surface ozone concentrations in China.  *, ** 

and *** of p-value indicate statistical significance at α = 0.05, 0.01 and < 0.001 level, 

respectively. 

Year q-statistic p-value 

2014 0.295*** 9.621 × 10-10 

2015 0.325*** 8.059 × 10-10 

2016 0.366*** 4.803 × 10-10 

2017 0.609*** 9.975 × 10-10 

2018 0.512*** 2.647 × 10-10 

2019 0.708*** 2.199 × 10-10 

We attributed SSH at lines 241-245 of the revised version: 

“As suggested by Chen et al. (2020), meteorological factors including temperature, humidity 

and sunshine duration imposed great impacts on surface ozone concentration. Moreover, the 

composition of ozone precursors was closely related to ozone levels (Cheng et al., 2019). Both 

the meteorological conditions and ozone precursors contributed to the SSH of surface ozone 

concentrations across China.” 

Chen, Z., Li, R., Chen, D., Zhuang, Y., Gao, B., Yang, L., Li, M.: Understanding the causal 

influence of major meteorological factors on ground ozone concentrations across China, J. 

Clean Prod., 242, doi: 10.1016/j.jclepro.2019.118498, 2020. 

Cheng, N., Li, R., Xu, C., Chen, Z., Chen, D., Meng, F., Cheng, B., Ma, Z., Zhuang, Y., He, B., 

Gao, B.: Ground ozone variations at an urban and a rural station in Beijing from 2006 to 

2017: Trend, meteorological influences and formation regimes, J. Clean Prod., 235, 11-20, doi: 

10.1016/j.jclepro.2019.06.204, 2019. 

Wang, J., Li, X., Christakos, G., Liao, Y., Zhang, T., Gu, X., and Zheng, X.: Geographical 

detectors‐based health risk assessment and its application in the neural tube defects study of 

the Heshun region, China, Int. J. Geogr. Inf. Sci., 24, 107-127, doi: 

10.1080/13658810802443457, 2010. 

Wang, J., Zhang, T., and Fu, B.: A measure of spatial stratified heterogeneity, Ecol. Indic., 67, 

250-256, doi: 10.1016/j.ecolind.2016.02.052, 2016.  



2. If the population is SSH and not all strata are sampled, the sample is biased; a global model 

would be confounded if the population is SSH. 

Response: Thanks so much for pointing this out. Following the results of the geographical 

detector, all the annual surface ozone concentrations during the period of 2014-2019 were 

SSH. Therefore, it was necessary to apply the polynomial model in each strata, and the 

fitting results were shown in Figure 8a. Thanks again for this valuable suggestions, which 

improved the manuscript significantly.    



 

Figure 8: (a) Fitting ozone exceedance probability to HCHO/NO2 through third-order 

polynomial model. The curve indicates the fitting result of third-order polynomial. The 

vertical line denotes the maximum of curve and the shaded area represents the top 10% ozone 

exceedance probability. (b) The cross map skill of HCHO and NO2 on surface ozone (The skill 

of using HCHO and NO2 for predicting surface ozone concentrations) at different ranges of 

HCHO/NO2. The symbols and texts above the bars are the results of Wilcoxon test. ***, ** 

indicate the difference was significant at p = 0.01, 0.05 confidence level, respectively. NS 

suggestes non-significant differences. 



3. Provide the main equations of your model. 

Response: Thanks so much for this comment. We added the main equations of CCM at lines 

177-183 of the revised manuscript. 

“The main idea of CCM is summarized as follows. Firstly, CCM defines {X} and {Y} as the 

temporal variations of two variables X and Y. {X} generates the shadow manifold MX. 

Following this, the location of lagged-coordinate vector on MX, x(t) is determined, and then E 

+ 1 nearest neighboring points of x(t) are extracted. Finally, the cross-mapped estimate of Y(t), 

XY(t) | M are calculated as follows: 
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Where ωi stands for a weight calculated based on the distance between X(t) and its ith 

nearest neighboring point. Y(ti) stands for contemporaneous value of Y.” 

4. Justify your approach is the best one, considering many alternatives. 

Response: Thanks so much for these valuable comments. At line 126-130, we provided the 

limitations of chemical transport models. Meanwhile, we added the advantages of the models 

employed in this research at lines 325-329. 

“First, only a few parameters are required for polynomial model and CCM, which effectively 

reduced the uncertainties of model setting. Second, considering the differences between 

model and satellite retrieved datasets (Jin et al., 2020), only observation data were employed 

in this research, which reduced potential data inconsistences and uncertainties. Most 

importantly, given the lack of actual reference data, this research employed two different 

models to examine ozone formation regimes and the close outputs further proved the 

reliability of this research.”  

Jin, X., Fiore, A., Boersma, K.F., De Smedt, I., Valin, L.: Inferring changes in summertime 

surface ozone-NOx-VOC chemistry over U.S. urban areas from two decades of satellite and 

ground-based observations, Environ. Sci. Technol., 54, 11, 6518-6529, doi: 

10.1021/acs.est.9b07785, 2020. 

5. Justify your approach and findings are "causality". 

Response: We are very sorry that we did not clearly describe the causality model, 

Convergent Cross Mapping (CCM). CCM utilizes convergent maps to demonstrate the 



bidirectional coupling between the time series of two variables. A convergent curve indicates 

that one variable imposes influences on the other variable, whilst a non-convergent curve 

denotes no causality between two variables. CCM calculates cross map skill (ρ value) that 

explains the quantitative relationships. In this research, we compared the differences of ρ 

values between HCHO and NO2 at the given range of HCHO/ NO2 to estimate the transitional 

regime range. 


