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Responses to Editors 
 
We appreciate your careful review of our paper and your thoughtful suggestions on how to 
improve it. We reproduce your original comments in italics for reference and respond beneath 
each point. 
 
 
1. Figure 5 shows the relationship between mortality and PM10 concentration as a quartic curve 
in PM10 (Equation (3)). The simpler models (Equations (1) and (2)) assume that mortality 
increases linearly with PM10, i.e. that the effect on mortality of a unit change in PM10 is the 
same whatever the mean value of PM10, yet Figure 5 shows that this is not the case. The 
different cities, which will have different mean values of PM10, ought to have different 
regression slopes depending whereabouts on the curve they are. Thus the comparisons of 
regression coefficients in Figures 2 and 3 are all confounded by the mean PM10 levels in the 
different cities. Figure 6 confirms this relationship, as stated on page 14 ”that the air pollution 
effects are smaller in the more polluted cities”. For this reason Equations (1) and (2) need to be 
extended, perhaps by including a quadratic in PM10.  
 
Answer:  
Thanks for pointing this out. We conducted a lot of analysis following the comments and thought 
there were two strategies to address this concern. The first strategy is to focus on multi-city 
analysis and estimate the overall PM10 effect on mortality using random effects meta-analysis. 
This strategy contributes to the literature by applying the same estimating strategy, the same 
pollution measurement, and the same time period to all 38 cities scattered across China. The 
subsequent meta-analysis using the estimates of individual cities will have less bias compared 
with those using different studies in the literature. We also explore the reasons for heterogeneous 
effects across cities.    
 
The second strategy is to focus on the dose-response function using distributed lag nonlinear 
model. If we follow this path, we can use more flexible modelling strategies such as distributed 
lag nonlinear model to model the dose-response curve (surface). This strategy allows us to draw 
3-D graphs of PM10 coefficients, PM10 level, and the lag structure. Then, we could have a visual 
concept about how the PM10 effect varies over pollution levels and lags.  
 
Both strategies have their pros and cons and deserve a full-length paper. The linear models are 
widely used and straightforward, and the most important information can be delivered by neat 
graphs/tables. Many statistical tests, such as significance of different lags and heterogeneity, can 
be done in linear models easily but will become very difficult in non-linear models. Including 
both strategies in the paper would make the paper too long to be acceptable. After consulting 
with the editor (Professor Loder), we decide to leave the dose-response curve part for future 
study and focus on multi-city analysis and estimate the overall PM10 effect on mortality using 
random effects meta-analysis in the revision.  
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2. The models of mortality count should be fitted using Poisson regression.  
 
Answer:  
In the old version, we assumed that the log daily deaths followed a Poisson distribution. 
However, we acknowledge that the model was not described well. In the revision, we explicitly 
explain that the model is fitted using a Poisson regression.   
 
 
3. It would be better to use random effects rather than fixed effects to summarise differences 
between cities.  
 
Answer: 
Thanks for the suggestion. In the revision, we switch from fixed effects model to random effects 
meta-analysis to summarize the results from individual cities and estimate the overall PM10 
effect for China.  
 
 
4. The relationship between mortality and PM10 is tested at different daily lags. It is likely that a 
combination of lags is the best solution, and this time series approach needs to be explored.  
 
Answer: 
Thanks for the suggestion. We estimate the effect of lagged PM10 up to 7 days (concurrent day 
and up to 6 days earlier). The estimates for individual cities and combined effects forest plots are 
presented in Figure 2 in the main text and Figures A1-A6 in the appendix. The estimates for 
individual cities become smaller in magnitude and the heterogeneity across cities is decreasing as 
the lag time becomes longer. And the combined effects also converge to zero as the lag time 
becomes longer. The combined effects become statistically insignificant and close to zero in 
magnitude for more than 2 days lagged PM10. Following your suggestion, we also evaluate the 
effect of cumulative pollution in the revision. Given the aforementioned results of individual 
lags, we emphasize on the air pollution effect using the moving average of lag 0, 1 and 2 days 
PM10. Figure 3 in the main text plots estimate and their 95% confidence intervals for 3-day 
moving average of PM10. Consistent with the results of independent lags, the moving average of 
the last 4 days (lag 3-6 days) has negligible effect on mortality. We present the results in Figure 
A7 in the appendix.  
 
 
5. Similarly, time lags in weather conditions need to be investigated. Does adjusting for 
temperature adequately deal with seasonal effects? It would be interesting to see the spline 
curves fitted for each weather variable.  
 
Answer:  
Thanks for the suggestion. In the revision, weather variables are modeled through a set of natural 
spline functions. The spline functions allow a very flexible relationship between a 
meteorological factor and the outcome. We chose the degrees of freedom for each 
meteorological factor based on its best prediction for air pollution levels. Using degrees of 
freedom that predict best for air pollution levels is advantageous because they will produce 
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unbiased or asymptotically unbiased estimates of the pollution log-relative risk. The optimal 
degree of freedom for each natural splines is obtained via generalized cross-validation method 
that best predicts PM10 concentrations. 
 
However, the relationship between weather conditions (for example, temperature) and mortality 
is not the focus of this paper (this topic has been investigated by a series of other papers1-3), so 
we didn’t make room for those results in the paper. The primary goal is to estimate the 
associations between air pollution levels and daily mortality. To obtain consistent estimator, we 
include control variables that (1) affect mortality and (2) correlate with PM10 levels. Since 
weather conditions several days ago are not likely to affect concurrent day PM10 (despite that 
they may affect concurrent day mortality), excluding them from the main regressions will not 
affect our PM10 effect estimates.  
 
While not reported, we experimented with different lags of control variables and different 
degrees of freedom of the spline functions. We find that as long as some minimal controls are 
included, the results are robust to more flexible modelling strategies (such as include more lags 
and higher orders of degrees of freedom). We can provide more results upon request.   
 
 
6. Using dummy variables for year will introduce discontinuities at year end – better to use a 
spline of continuous time.  
 
Answer:  
Thank you for the comment. We include the year dummies to capture any potential year effect. 
Since the Chinese government often uses calendar year as the starting or ending time for many 
policies, these dummies are helpful to adjust for policy-induced changes across different years. 
Seasonality is controlled by weather conditions because seasonality is highly correlated to 
weather conditions (e.g. temperature) which are modeled through a set of natural spline 
functions. To control for the long-term trend, in the revision we also include a cubic function of 
time, as suggested, and find quantitatively similar results.  
 
 
7. The subgroup analyses based on statistical significance should all be removed – significance 
is not a good basis for focussing on particular cities and will introduce bias.  
 
Answer:  
Thanks for pointing this out. We followed the suggestion and conducted subgroup analysis 
including all cities. We also conducted random effects meta-analysis for each sub-group to get 
the overall effect.   
 
 
8. The presentation of the forest plots can be improved. They need to be ranked in order of effect 
size, which will immediately demonstrate the largest and smallest effects. In addition, when 
different factors are being compared, e.g. lag in Figure 2, or respiratory vs non-respiratory 
mortality in Figure 3, or age and sex in Figure 4, the different factors need to be adjacent and 
grouped for each city, e.g. Guangzhou lag 0, lag 1, lag 2, etc, so that the within-city differences 
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are easy to see. There is no point in using different symbols to distinguish between significant 
and insignificant effects. All the forest plots need to be ranked by size of effect, and where 
comparisons are being made (by lag or sex or age) the paired values should be adjacent, 
allowing them to be compared directly. This would allow the Results text to be greatly simplified, 
as the extremes and the comparisons would be evident. Flagging significance with different 
blobs is pointless and fussy. Percent coefficients to 1 not 2 decimal places would be easier to 
read.  
 
Answer: 
Thanks for the suggestion. We have revised the forest plots and ranked the coefficients in order 
of effect size. Figure 2 shows the estimated effect size and confidence intervals for concurrent 
day pollution. The results for lagged pollution are presented in Figures A1-A6 in the appendix. 
When we compare different factors, we put the forest plots for different factors side by side and 
grouped for each city to make within-city differences easy to be observed. 
 
 
9. The text on page 9 is almost unreadable, with long lists of numbers to two decimal places. 
Given the width of the confidence intervals the numbers would be sufficiently precise to one 
decimal place (perhaps omitting the CIs), and most of the numbers can be omitted as they are 
already in the tables.  
 
Answer:  
We have revised the relevant section, simplified the language, and made the content clearer. We 
also hired a professional editor to proofread the text.  
 
 
10. Coming back to Figure 5, the fitted CVR curves for the elderly and females are almost 
identical, whereas the curve for males is appreciably lower. This is worthy of comment, not least 
because the Discussion states that there is no significant sex effect. Is there an interaction 
between age and sex? Are there many more male than female deaths, so the PM10 effect in 
females is downweighted? It would also be interesting to test if the impact of PM10 on mortality 
was age and/or sex-specific – does PM10 have a larger impact on the elderly?  
 
Answer:  
As we discussed in the reply for the first comment, we decide to focus on multi-city analysis and 
estimate the overall PM10 effect on mortality using random effects meta-analysis in the revision. 
The dose-response function estimation is dropped from the revision. For your reference, we use 
generalized linear models to estimate the associations between mortality and air pollution and 
assume a canonical log-link. The interpretation on the estimated coefficient is percent change. So 
theoretically the fact that more or less male than female deaths does not affect our estimates. For 
your reference, there are 200,912 male deaths and 149,726 female deaths in our sample. This 
information is included in the abstract of the paper.  
 
We did a variety of heterogeneity analysis in the revised version, which include different causes 
of death, different genders and different age groups. Follow your suggestion, we conducted tests 
to compare the estimates between males and females and between young and old people. The 
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estimated PM10 effect is slightly larger for males than that for females, but the differences are 
not statistically significant. This can be seen from the fact that the 95% confidence interval of the 
estimated PM10 effect on males largely overlapped with that on females. In contrast, we find the 
PM10 effect is much larger on elderly than on young people and the difference is statistically 
significant at 10% level.  
 
 
11. Table 1 gives a few summary statistics for the 38 cities, but the units are not given. 
Information about population and mortality rate by age and sex, and coverage by DSPS, also 
needs to be added. Do give some thought about how to rank the cities in the table – perhaps by 
mean PM10. Listing them alphabetically would waste information.  
 
Answer:  
We have revised Table 1 and the cities are now ranked according to the level of mean PM10 
concentrations. The units are added to the table. We also include a new table SM2 in the 
appendix to provide more information about those cities.  
 
 
12. The city-specific information used in equations (2) and (3) is poorly described, though it may 
be simply a set of fixed effects to distinguish between cities. I wonder whether a mixed-effects 
model would improve the fit.  
 
Answer:  
We removed equations (2) and (3) in the revision as discussed in the reply to the first comment. 
In the revision, we focus on multi-city analysis and estimate the overall PM10 effect on mortality 
using random effects meta-analysis as is suggested by most reviewers.  
 
 
13. Lags of 1 and 2 days provide a poorer fit than relating mortality to PM10 on the same day. 
I’m curious to know if the same applies using a lag of -1 days (i.e. mortality the day before the 
PM10 measurement). This makes no sense causally, but it would provide a test of causality. 
 
Answer: 
Thanks for the suggestion. Since air pollution is highly correlated over time, we expect lag -1 
day pollution would probably be associated with concurrent day pollution through its correlation 
with concurrent day pollution. For your reference, we run the model using forward (lag -1 day) 
PM10 and present the results below. As expected, we find the overall “effect” estimate is 0.32 
(95% CI: 0.19 to 0.44).  
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Again, thank you for the constructive comments and suggestions.  
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