Dear Editor and Reviewers,

Thank you for the comments to help improve the quality of the paper. We have revised the manuscript to
address your comments and a detailed response to each comment is provided in this file. The comments are

in regular font and the responses are in red.

RC1, Anonymous Referee #3

Reviewer suggestion: Accept

The authors presented a novel technique to improve air quality predictions that can be utilized for health
effect studies in China. A WRF/CMAQ modeling pair has been employed to simulate air quality for 2013
using four different anthropogenic emissions inventories that are publically available. The emissions
inventories included the Multi-resolution Emission Inventory for China (MEIC), the Emission Inventory for
China by the School of Environment of Tsinghua University (SOE), the Emissions Database for Global
Atmospheric Research (EDGAR) and the Regional Emission inventory in Asia version 2 (REAS2). The
entire year was simulated independently using four different anthropogenic emissions inventories along with
the same biogenic emissions processed by MEGAN at a 36-km horizontal resolution to encompass entire
China, South Asia and parts of East Asian countries. The model performance was evaluated using observed
data available from 422 sites across 60 cities throughout China. In general, the WRF/CMAAQ pair predicted
ozone (O3) and particulate matter (PM2.5) concentrations within the standards for model performance
criteria, however, significant difference also exist depending on location, and time of the year. In order to
calculate ensemble concentrations, predicted pollutant concentrations from each set of model run were
linearly combined in such a way to minimize the sum of the squared errors between ensemble concentrations
and observations from all 60 cities of interest in the study. The statistics such as the mean fractional bias
(MFB) and mean fractional errors (MFE) of the predicted ensemble annual PM2.5 seem to improve in all 60
cities compared to statistics for individual emissions inventories. Similarly, performance statistics for
ensemble concentrations also improved for hourly, daily, and annual concentrations of O3 for all 60 cities in
China.

I believe the authors have correctly identified one of the major problems with accurate air quality
predictions, i.e. lack of accurate emissions inventories particularly available to public in China. In order to
overcome such issue the authors have come up with an ensemble approach. Although ensemble averaging of
predicted concentrations is a common approach in literature, the approach described in the current study is
unique. I believe the manuscript has enough scientific merits to be accepted and published in the ACPD. I,
however, have the following suggestions that the authors may consider:

1. There is no need for such details in the title. The authors may consider changing the title to “Ensemble
prediction of air quality using the WRF/CMAQ modeling system for health effects studies in China”.
Response: We accepted the reviewer’s suggestion and changed the title to “Ensemble prediction of air
quality using the WRF/CMAQ modeling system for health effects studies in China”

2. There are minor grammatical mistakes that authors can fix in the later versions of the manuscript. This is

just a suggestion in advance.



Response: We went through the manuscript carefully for several times and corrected the typos, mistakes, and

grammar errors.

3. Table S1: It is better to define seasons rather than providing the names of the months for each emissions
inventory.
Response: We provided season names instead of months in the revised file.

4. Ammonia emissions seem to have the highest unexplained variability, how would it change the prediction
of PM2.5 mass concentrations, if the standard deviation were likely to be lower?

Response: Ammonia emissions have high variability among different inventories, reflecting high
uncertainties in the current estimation for ammonia emission in China. Source apportionment studies have
shown that ammonia emissions account for over 10% of PM» s total mass in China (Shi et al., 2017). The
difference in modeled PM, s concentrations using different inventories is partially due to the ammonia
emissions. In addition, since it also affects the formation of secondary nitrate and sulfate, large variations in
NH; emission could potentially have large impacts on PMa s. More consistent PM» s predictions would be
expected if the difference of ammonia emissions in different inventories was smaller. No changes were made

to the manuscript.

5. What is the property of the weighting factor in the ensemble concentration calculation? How is it affected
by the sample size?

Response: The weight factor w is set to in the range of [0, 1] with w=0 represents no influence of the
individual simulation on the ensemble prediction, and w=1 indicates that concentrations of the individual
simulation are fully accounted in the ensemble prediction. The weighting factors for the ensemble
predictions are based on minimizing the overall difference in the ensemble predictions with observations. By
increasing the sample size (i.e. number of cities with observations) and their spatial coverages, the capability
of each individual simulation to reproduce the magnitude and spatial variation of the PM» 5 concentrations
can be more accurately represented, and thus the weighting factors can better represent the actual strength of
each inventory in predicting regional concentrations.

Above discussion was added in Section 2.5.

RC2, Anonymous Referee #4

General Comment

The authors showed an inclusive validation about the ability of CMAQ model to simulate the air pollutants
(O3 and PM2.5) in China with using four different EI data in recent year (2013). They used the widely-used
statistical indices for the validation and observations which covered wide areas in China. An ensemble
method to obtain better prediction of air pollutants in China was proposed which is the main part of this
paper. This paper is well within the scope of this journal, however, I noticed several issues in this paper
which cannot be passed over to be published. I suggested that the authors should consider the following

comments: two major and several specific comments.

Major Comment 1:

My biggest concern is the lack of carefulness in the manuscript. Several typos, mistakes in table and
figure, and the insufficient explanations can be found which make the manuscript difficult to read and
greatly damage the value of this paper. | pointed out some of those points in the specific comment below,



and I strongly suggest that the authors consider those comments and should carefully and thoroughly
check the manuscript again before revised submission.

Response: Thanks for pointing out the typos and mistakes. We have checked the manuscript carefully and
made correction to the typos and mistakes in the revised manuscript. The changes can be found in the

manuscript with changes marked.

Major Comment 2:

The authors set a goal of this paper on proposing a method for using the model simulation to health
impact study and so the authors put “for health effect study” in the title. However, it was not clear which
part of the manuscript was particularly dedicated for the health effect study. | concerned if the indices of
air pollutants used in the manuscript: daily, monthly, and annual means, 1hourly and 8hourly O3, are
appropriate for this purpose. | think more sentences is necessary to discuss the validity of those indices
to be used for the health impact research, if they want to claim it as, at least, a part of heath effect study.
Response: This study is part of a project to investigate the long-term health impacts of the severe outdoor air
pollution in China. This is the first part of the series study aiming to provide more accurate air pollution
exposure assessment for health analysis. The predicted air pollution fields then will be used in a number of
epidemiology studies. Actually, the first such analysis using the annual ensemble PM, s predictions to
investigate the premature mortality attributable to various sources of PMz s in China and the responses of
premature mortality to the PM> s reduction objectives in different regions of China was recently accepted for
publication in Environmental Science & Technology (Hu et al., 2017). A few studies are undergoing to
analyze the correlations between air pollutants and certain health outcomes in China using the ensemble
predictions of gaseous pollutants, PM mass and compositions.

A few epidemiology groups expressed their interest of using the ensemble predictions of PM 5 and O3 from
this study for short-term health effect studies in China. Therefore, we also evaluated the performance of daily
and monthly ensemble predictions for both PM» s and 1h- and 8h- O3 in this manuscript so that it can provide
a validation for future applications for such dataset.

We added a brief discussion on the current and future applications of our dataset for health effect studies in
China at the end of Section 3.3.

Specific Comments:

- Model description: There was no descriptions about the model domain. Figure S1 can be moved from
the supplement to the manuscript since the abbreviation for the different regions in China were
frequently used in the manuscript.

Response: We moved Figure S1 from the supplement to the manuscript.

- E1-E4: How did you treat the observation from 422 sites? Are these data once averaged out to form the
city average for each of 60 cities, and then calculate the statistical indices (MNB, MNE, MFB, MFE)?
Please make it clearly described in the manuscript.

Response: Yes, the city averages were firstly calculated by averaging the observations in all the sites located
in that city, and then the statistical indices were calculated based on the city averages. We added above

information in the revised manuscript.



- L249-251: It is better to briefly describe the reason why different statistical indices are used for O3 and
PM2.5.

Response: In air quality modeling studies, it has been common to use MNB and MNE to evaluate the model
performance for O3, and use MFB and MFE to evaluate the model performance for PM»s. And accordingly
the MNB and MNE criteria and goals have been set for O3, and MFB and MFE criteria and goals for PM s.
We added above information in the revised manuscript.

- E6: A brief explanation of the method to minimize the function Q is necessary.
Response: The linear least square solver ‘Isqlin’ in matlab was used to minimize the function Q. This

information was added in the revised manuscript.

- Table 1: Are these statistical indices calculated using annual mean? not clearly described.
Response: The original statistics in Table 1 were calculated using hourly average concentrations. We clearly
added this information in the table caption.

- L286-288: The description here is inconsistent with Figurel. Is this sentence correct?

Response: The description here is about the ‘overall” performance, i.e., the average indices over the entire
modeling period and over the entire regions of China. Figure 1 shows the performance in different months
and regions. Therefore, there seems some difference, but we double checked the numbers, they are correct.

- L295: Why were January and February omitted?
Response: The national air quality monitoring network started publishing ambient air quality observations
since March 2013. Therefore, no observations were available for January and February in 2013.

- L300-301: I couldn’t understand the meaning of this sentence. Are there any typo or mistake?
Response: We corrected the sentence to “Os predicted using MEIC, EDGAR, and REAS2 meets the
performance criteria in most regions except for the YRD by MEIC and the PRD by EDGAR.”

- L302-304: It is difficult to see what this sentence said from in Figure 1.

Response: We modified and expanded the sentence to be clearer: “CO and NO> are under-predicted in all
regions, with the largest under-predictions in NW and Other. This pattern is similar among the results with all
inventories. SO» is generally under-predicted in all regions, but over-predicted in the Sichuan Basin (SCB)
by all inventories. SO is also over-predicted by EDGAR in the PRD region. SO» in Northeast (NE) is
substantially under-predicted by MEIC and REAS2. In general, model performance in the more developed
regions such as YRD, NCP, and PRD are relatively better, compared to NW and Other regions.”

- Figure 2: The explanation to properly see this figure is highly insufficient. What does the x-axis stand for?
Is it the absolute concentration of observation or simulation? Furthermore, “goal” and “criteria” in Figure 2
should be explained somewhere in the manuscript. Otherwise the readers cannot take the messages properly
from this figure.

Response: The x-axis shows the observed PMa s and PMio concentrations. We added definitions of “goal”
and “criteria” in the figure caption of Figure 3 in the revised manuscript (Figure 2 in the original
manuscript):

“The model performance goals represent the level of accuracy that is considered to be close to the best a



model can be expected to achieve, and the model performance criteria represent the level of accuracy that is
considered to be acceptable for modeling applications.”

- L311: typo?, a period -> comma?
Response: corrected.

- Figure 3: Are these indices (O3-1h, -8h) maximum lh- or 8h- mean concentration in a day (=daily
maximum lh or 8h-mean O3)? If so, should be more clearly stated.

Response: We added the definitions for O3-1h (daily maximum 1h O3) and O3-8h (daily maximum 8h mean
03) in the figure caption.

- L.327-328: [ don’t think so. There were large differences between SOE and MEIC over the oceanic area east
of China.

Response: The O3 difference between SOE and MEIC is generally less than 1ppb over the oceanic area east
of China, indicated by the ‘green’ color (the color scheme is shown in the bottom of the figure). To be more
accurate, we added the “(the difference is generally less than 1ppb)” in the sentence.

- L344: typo?, South Asia -> Southeast Asia
Response: We corrected it to Southeast Asia.

- L1354 & L361: What is NCY?
Response: We corrected it to NCP.

- L362 typo?, YRD -> PRD?
Response: We corrected it to PRD.

- Table2: This is too detailed information. It can be moved to supplement.
Response: We moved Table 2 to the supplemental materials as Table S2

- L410-412: Why are the values referred here as the MFB of individual simulation (-0.25 - -0.16) different
from those appeared in Table 1 (-0.32 — -0.21)? If the definitions are different for both, it should be clearly
written in the manuscript. I really confused here.

Response: Following the discussion of annual average concentration in Table 2, the values in L410-412 refer
to the MFB and MFE calculated using the annual averages. The MFB and MFE values in Table 1 were
calculated using the hourly averages. We clearly clarify the calculation of the values in the paragraph.

- L412-413 Something wrong with English.

Response: We corrected “and” to “any” in the sentence.

- L413-415: Same as the two comments above, why are the values of MNB of individual simulation (0.06 —
0.19) different from those appeared in Table 5?

Response: Again, the values in L413-415 were calculated using annual averages, while the values in Table 5
were calculated using the daily averages. We clearly clarify the calculation of the values in the paragraph.



- Table 3: The authors showed that the weighting factor of each EI can vary for different averaging time. in
general, EDGAR and REAS have large weight for daily and monthly, and the other two Chinese EI were
weighted large for annual time scale. I encouraged the authors to discuss more on the interpretation of it.
Response: The weighting factors in different averaging times were determined by the model performance.
The model performance in different averaging times was affected by the total emission rates, temporal
profiles (which assigned the annual total emission rates into different months/days). The results probably
indicate the annual total emission rates of MEIC and SOE were accurate but the temporal profiles were not
as good as the ones in EDGAR and REAS.

We added above discussion in the revised manuscript.

- Table 4: This is also too detailed information. If you only want to say how many cities out of 60 can
improve their prediction with ensemble and do not intend to describe its regional differences, this table can
be moved to supplement and it is enough to briefly describe the result in the manuscript.

Response: We moved Table 4 to the supplemental materials as Table S3 and only brief description was kept

in the manuscript.

- Table 5: This table showed that the weighting factor can vary large depending on the region. Table 3
demonstrated the factor also change for different averaging time scale. And the factor may be different for
the different year. The purpose of this study is proposing an ensemble method for obtaining the better air
pollutants concentration data for health effect estimation, from this point of view, how do the authors think
the best way to calculate the weighting factor in China? Need some more sentences on it.

Response: Even though the weighted factors vary depending on the regions, averaging times and different
years, the ensemble method that we proposed in this study is to minimize the difference between predictions
and observations and can be applied in different regions with different averaging time scales, and for any
years. The ensemble analysis is a post-process method to improve the agreement between predictions and
observations in any averaging time scales, as shown in the manuscript. The way to calculate the weighting
factors depends on the objectives of specific studies. But in general, more observation data used in the
calculation, more accurate the ensemble prediction would be.

We added above discussion in the revised manuscript.

RC3, Anonymous Referee #3

Reviewer suggestion: Accept after revision

General comments:

This study is somewhat comprehensive; the modeled output has been compared with observations
adequately. I think there is enough scientific merit in the manuscript, and so I would recommend it be

accepted after minor revision. I encourage the authors to pay attention to the following comments:

Major comments:



The manuscript needs to be carefully revised. In general, there are places where it is difficult to follow what
the authors are trying to convey to the readers. It suffers from lack of flow, perhaps, because of typos, wrong
expressions, and many grammatical mistakes. The authors may consider to pay more attention to the
construction of sentences and read the manuscript carefully to avoid typos. The results section is well
described; however, I would request the authors to use short sentences to avoid getting the readers lose their
track of what was said in the beginning of a sentence.

Response: We have read the manuscript carefully and made correction to the typos and mistakes in the
revised manuscript. We revised a few long sentences and used short sentences in the revised manuscript.

Specific comments:

1. P3L58: The first sentence of the manuscript is inaccurate. Correct English is “China has been suffering
from ....” The authors may also want to rewrite it.
Response: In the first round of revision for ACPD, we have revised this sentence to “Large population in

ER]

China has been exposed to severe air pollution....”.

2. P3L64-65: ...threatens public health in this country (Which country is this?). I am guessing the authors
wanted to say ...threatens public health in China.
Response: We corrected the sentence to “threatens public health in China”.

3. P3L69: What are “central monitor” measurements? Please do not assume the readers will have an idea
about it. It would be better if the authors explain it in a nutshell.

Response: we added an explanation of “Ambient air quality is usually measured at monitoring sites and used
to represent the exposure of population in the surrounding areas of the sites”.

4. P3L77: Omit “the” in front of meteorological fields.
Response: Corrected.

5. P3L86-87: ..large uncertainties remain. Correct: ...large uncertainties still remain.
Response: Corrected.

6. P3L89-90: ..,and the efficiency of emissions controls and their fractional penetrations into the industries.
The authors got me lost here. Please make it clear about the intent of this sentence. It is hard to get the
meaning out it.

Response: We deleted “and their fractional penetrations into the industries” from the sentence to avoid

confusion.

7. PSL150: It has been showed that these..., correct present particle is “shown”.
Response: Corrected.

8. PSL171-172: 1 see that the description of the techniques for emission estimates are somewhat referred for
reading, but I would urge the authors to describe the “technology-based uncontrolled” and “penetrations of
control technologies” terms in some plain language so that the readers have some understanding of these
terms without having to look into the referenced materials.



Response: “technology-based” and “uncontrolled” are two separate description words for emission factors,
the former means the emission factors are different for different facilities using different technologies with
same fuels. Uncontrolled means before control since the control effects were added later. “penetrations of
control technologies” means the fraction of pollutant not collected, in comparison to efficiency.

We have added “and” between “technology-based” and “uncontrolled” and “fractions of pollutants not

collected” after “penetrations” in parentheses.

9. P5L187-188: The S1 Table contains the emissions summary for a “typical workday” in season? What
about the weekend? How does the weekend emissions vary from a weekday?

Response: This table is to show the differences between inventories. Weekly factors we used to apply the
emission to workday and weekend day are certain, which gives the ratios of workday to weekend day of
1.3-1.5. Thus, all inventories will have lower values in weekend day and the relative differences among

different inventories do not change. We added explanation to the caption.

10. P6L212: Reference needed for MEGANV2.1 biogenic emissions processor.
Response: A reference was added for MEGANV2.1 (Guenther et al., 2012).

11. P6L218: “In-line” is a one word. Correct it in the manuscript.

Response: Corrected.

12. P61.222: Reference for WRFv3.6.1 is needed.
Response: A reference was added for WRFv3.6.1 (Skamarock et al., 2008).

13. P6L232: Maybe it will be a good idea, if the authors summarize boundary concentrations for major
species and put them in a table in the supplemental.

Response: The boundary concentrations for a given species vary in locations (latitude, longitude, and
altitude). It is impossible to summarize them in a table. We clearly stated in the manuscript that the initial and
boundary conditions were generated using the CMAQ default profiles.

14. P9L325: REAS2 predicted O3-hr values are lower..... Needs attention, comparative sentence missing
“than”.
Response: We added “than MEIC” in the sentence.

15. P15: The authors may consider using unabbreviated forms of the performance matrices so that the
readers can follow easily in the conclusion section as these are defined way earlier in the manuscript.

Response: We appreciated the reviewer’s suggestion. In our previous experience, we have been advised to
keep abbreviations in the conclusion to avoid duplicate definitions. Since the performance matrices have
been discussed multiple times in the results section, we feel it is appropriate to keep the abbreviations in the
conclusion section. But we are willing to change to use the full names if the editor also think it is necessary.

RC4, Anonymous Referee #2

This paper concerns a study of the performance of forecasts of air pollution in China, with focus on a large
number of sites. The description of the methods and results is comprehensive. The results suggest that the
method has potential to forecast air quality conditions in China and, likely, elsewhere. The paper should thus



be of interest to the air quality scientific community.

However, as it stands the paper is not suitable for publication in ACP. There are two reasons for this (I note
another reviewer identifies these reasons too): (i) The writing of the paper needs improving, the English
needs to be checked; (ii) I cannot see much detail of how the study links to health concerns, even though
health is in the title of the paper. There is discussion about the application to health issues in the conclusions,
but this is cursory and has to come earlier in the paper. The authors should address these two points before
publication of the paper in ACP. Furthermore, the authors should address a number of specific issues (not
exhaustive), mainly concerning clarification of the text, examples of which I detail below.

Response: Thanks for the comments and suggestion.

(1) We are sorry about the gramma errors as we are eager to introduce the study. We have read the manuscript
carefully and made correction to the typos and mistakes in the revised manuscript. We also revised a few
long sentences and used short sentences in the revised manuscript.

(i1) This study is part of a project to investigate the long-term health impacts of the severe outdoor air
pollution in China. This is the first part of the series study aiming to provide more accurate air pollution
exposure assessment for the health analysis. The predicted air pollution fields then will be used in a number
of epidemiology studies. The first such analysis used the annual PM> s ensemble predictions to investigate
the premature mortality attributable to various sources of PMz s in China and the responses of premature
mortality to the PM 5 reduction objectives in different regions of China. The paper has been accepted for
publication in Environmental Science & Technology (Hu et al., 2017). A few studies are undergoing to
analyze the correlations between air pollutants and certain health outcomes in China using the ensemble
predictions of gaseous pollutants, PM mass and compositions.

A few epidemiology groups also expressed their interest of using the ensemble predictions of PMa s and O3
for some short-term health effect studies in China. Thus, we are confident to the applications of the products
from this study.

We added a brief discussion on the current and future applications of our dataset for health effect studies in
China at the end of Section 3.3. We also carefully addressed the specific issues the reviewers listed below to

improve the manuscript.

Specific comments

L. 135: Indicate here what you will discuss in each section of the paper.
Response: We added a brief description of the structure of the paper in the end of the Introduction section.

L. 349: It would be helpful to remind the reader of the location of the stations, instead of just using the
acronym.

Response: We moved Figure S1 from the supplemental materials to the main context, so that the readers can
understand the locations of the regions.

Table 3: Should the weights add up to 1? They do not for, e.g., for the annual case.



Response: From the mathematical point of view, it is not necessary to constrain the weighting factors or the
sum of weighting factors. We choose to limit each weighting factor in the range of [0,1] to ensure that
ensemble predictions maintain positivity and do not grow to large unrealistic values in the entire domain.
Enforcing a unit constrain on the sum of the weighting factors further limits the overall ensemble prediction
to be within the range of individual simulations. However, this could unnecessary limit the capability of the
ensemble for regions where higher ensemble values can lead to smaller overall error. Thus, such a constraint

was not applied in this study.

Table 4: Could authors condense the information? For example, at how many stations is the ensemble
prediction better or worse?

Response: We moved Table 4 to the supplemental materials as Table S3. We have briefly summarized the
information in the manuscript in section 3.3: “The results show that the ensemble predictions are better than
those with EDGAR, MEIC, REAS2 and SOE at 36, 37, 32 and 40 cities for PM> s, and 39, 39, 43, and 38
cities for Os-1h, respectively. The ensemble predictions are better than = 2 of the individual predictions at
45 and 41 cities for PM» s and Os-1h, respectively.”

Figure 2: The authors need to explain more in the caption what the lines represent. For example, there are
two solid and dotted lines in the panels — do they represent a standard deviation about a mean?

Response: The solid and dotted lines in the panels are the model performance criteria and goals, as indicated
in the key caption. We added the definitions of “criteria” and “goal” in the manuscript and the figure caption
of Figure 3 in the revised manuscript (Figure 2 in the original manuscript):

“The model performance goals represent the level of accuracy that is considered to be close to the best a
model can be expected to achieve, and the model performance criteria represent the level of accuracy that is
considered to be acceptable for modeling applications.”

Figure 3: Indicate in the caption what the horizontal and vertical panels represent. Same for figures 4, 5 and
7.

Response: We added descriptions about the horizontal and vertical panels in the figure captions for Figures 4,
5, and 6 in the revised manuscript (Figures 3, 4, and 5 in the original manuscript). Figure 7 in the original
manuscript (Figure 8 in the revised manuscript) illustrates the concentrations of PM» s and its components.
Each panel is labeled with the species name, so no explanation was added for it.

References

Guenther, A. B., Jiang, X., Heald, C. L., Sakulyanontvittaya, T., Duhl, T., Emmons, L. K., and Wang, X.: The Model
of Emissions of Gases and Aerosols from Nature version 2.1 (MEGAN2.1): an extended and updated framework
for modeling biogenic emissions, Geosci Model Dev, 5, 1471-1492, 10.5194/gmd-5-1471-2012, 2012.

Hu, J.,, Huang, L., Chen, M., Liao, H., Zhang, H., Wang, S., Zhang, Q., and Ying, Q.: Premature Mortality
Attributable to Particulate Matter in China: Source Contributions and Responses to Reductions, Environ Sci
Technol, 10.1021/acs.est.7b03193, 2017.

Shi, Z.,, Li, J.,, Huang, L., Wang, P, Wu, L., Ying, Q., Zhang, H., Lu, L., Liu, X., Liao, H., and Hu, J.: Source

apportionment of fine particulate matter in China in 2013 using a source-oriented chemical transport model,



Sci Total Environ, 601, 1476-1487, http://dx.doi.org/10.1016/].scitotenv.2017.06.019, 2017.

Skamarock, W. C., Klemp, J. B., Dudhia, J., Gill, D. O., Barker, D. M., Duda, M. G., Huang, X.-Y., Wang, W., and
Powers, J. G.: A Description of the Advanced Research WRF Version 3, NCAR Technical Note NCAR/TN-475+STR,
2008.



http://dx.doi.org/10.1016/j.scitotenv.2017.06.019

OCoOoO~NOOOUOITR,WN PR

Ensemble Predictions of Air Quality PeHutantsin-Chinar-2013-for Health-Effects-Studies
Using the WRF/CMAQ Modeling System for Health Effects Studies in_Chinawith—Four

Jianlin Hu!, Xun Li!, Lin Huang!, Qi Ying?*!, Qiang Zhang® Bin Zhao*, Shuxiao Wang*,
Hongliang Zhang®>"

! Jiangsu Key Laboratory of Atmospheric Environment Monitoring and Pollution Control,
Jiangsu Engineering Technology Research Center of Environmental Cleaning Materials, Jiangsu
Collaborative Innovation Center of Atmospheric Environment and Equipment Technology,
School of Environmental Science and Engineering, Nanjing University of Information Science &
Technology, 219 Ningliu Road, Nanjing 210044, China

2 Zachry Department of Civil Engineering, Texas A&M University, College Station, TX 77843-
3136

% Ministry of Education Key Laboratory for Earth System Modeling, Center for Earth System
Science, Tsinghua University, Beijing, China

4 State Key Joint Laboratory of Environment Simulation and Pollution Control, School of
Environment, Tsinghua University, Beijing 100084, China

® Department of Civil and Environmental Engineering, Louisiana State University, Baton Rouge,
LA 77803

“Corresponding author:
Hongliang Zhang, Email: hizhang@Isu.edu. Phone: +1-225-578-0140.




24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
| 45

| 47
48
49
50
51
52
53
54
55
56
57

Abstract

Accurate exposure estimates are required for health effects analyses of severe air pollution in
China. Chemical transport models (CTMs) are widely used teels-to provide detatled-information
of-spatial distribution, chemical composition, particle size fractions, and source origins of air
pollutants. The accuracy of SFMs>air quality predictions in China is largely affected by the
uncertainties of public available emission inventories. The Community Multi-scale Air Quality
moedel-(CMAQ) model with meteorological inputs from the Weather Research and Forecasting
model-(WRF) model were used in this study to simulate air guatity-pollutants in China in 2013.
Four sets of simulations were conducted with four different anthropogenic emission inventories,
including the Multi-resolution Emission Inventory for China (MEIC), the Emission Inventory for
China by School of Environment at Tsinghua University (SOE), the Emissions Database for
Global Atmospheric Research (EDGAR), and the Regional Emission inventory in Asia version 2
(REAS2). Model performance was evaluated against available observation data from 422 sites in
60 cities across China. Model predictions of Oz and PM2s with-thefeurinventeries-generally
meet the model performance criteria-of-medelperformance, but performance difference exists in
different pollutants and different-regions among the—inventories. Ensemble predictions were
calculated by linearly combining the results from different inventories under-the-constraint-that
ef-mintmized-to minimize the sum of the squared errors between the ensemble results and the
observations from all the cities—was—minimized. The ensemble annual-concentrations show
improved agreement with observations in most cities. The mean fractional bias (MFB) and mean
fractional errors (MFE) of the ensemble-predicted annual PM2 s at the 60 cities are -0.11 and 0.24,
respectively, which are better than the MFB (-0.25 — -0.16) and MFE (0.26 — 0.31) of individual
simulations. The ensemble annual daily maximum 1-hour peak-Os (O3z-1h) concentrations are
also improved, with mean normalized bias (MNB) of 0.03 and mean normalized errors (MNE) of
0.14, compared to MNB of 0.06 — 0.19 and MNE of 0.16 — 0.22 of the individual predictions.
The ensemble predictions agree better with observations with daily, monthly, and annual
averaging times in all regions of China for both PM25 and Oz-1h. The study demonstrates that
ensemble predictions by combining predictions from individual emission inventories can
improve the accuracy of predicted temporal and spatial distributions of air pollutants. This study
is the first ensemble model study in China using multiple emission inventories and the results are
publicly available for future health effects studies.

Key words: chemical transport model; emission inventory; ensemble; China; PM2s



1. Introduction

LargeA significant portion of the population in China has been exposed to severe air pollution in
recent decades as the consequence of intensive energy use without efficient control measures.
Based on ambient air pollution data published by the China National Environmental Monitoring
Center (CNEMC), most of the major cities are in violation of the Chinese Ambient Air Quality
Standards gGrade 11 standard (35 pg m™) for annual average particulate matter with diameter of
2.5 pm or less (PMz2s) (Zhang and Cao, 2015;Wang et al., 2014b), with a mean population
weighted PM2s concentration of over 60 pg m™ during 2013-2014. Long-term exposure to such
high levels of PM_s greatly threatens public health in this—eeuntryChina. Recent studies have
suggested that approximately more than one million premature deaths can be attributed to
outdoor air pollution each year in China (Lelieveld et al., 2015;Liu et al., 2016;Hu et al., 2017a).

Accurate exposure estimates are required in health effects studies. Ambient air quality is usually
measured at monitoring sites Central-moenitor-measurements-are-usualy-and used to represent the
#—exposure of population in the surrounding areas—ef-thesitesassessment.; but-However, a
routine central monitoring network in China has just been buti-upestablished fremsince 2013,
and is still limited in spatial coverage and lack of detailed information of the chemical
composition, PM size fractions, and source origins of air pollutants. Chemical transport models
(CTMs) have been widely used in health effects studies to overcome the limitations in central
monitor measurements for exposure estimates (Philip et al., 2014;Lelieveld et al., 2015;Liu et al.,
2016;Laurent et al., 2016a;Laurent et al., 2016b;Ostro et al., 2015). However, the accuracy of
CTFMs the predictions from CTMs is largely affected by the accuracies of the emission
inventories (Wang et al., 2010), the-meteorological fields (Hu et al., 2010), and numerical
solutions to the equations that describe various atmospheric processes (Hu et al., 2006;Yu et al.,
2005). Emission inventories are indispensable tools for a wide range of environmental activities
from management of chemicals to the prevention of air pollution. Several emission inventories
have been created forio cover China. Different emission inventories focus on specific
geographical regions in the urban, regional (Zhao et al., 2012;Zhang et al., 2008), national or
continental (Zhang et al., 2009;Kurokawa et al., 2013) scales; and/or focus on pollutants from
individual (Su et al., 2011;0u et al., 2015) and specific sectors (Zhao et al., 2008;Xu et al., 2017).

Despite the great efforts in improving the accuracy of emission inventories in China, large
uncertainties still remain. Generally, the emissions of pollutants are estimated as the product of
activity levels (such as industrial production or energy consumption), unabated emission factors
(i.e. mass of emitted pollutant per unit activity level), and the efficiency of emission controls-and
theirfractional-penetrations—into-the-industries. Large uncertainties are associated with activity
levels, emission source fractions, and emission factors (Akimoto et al., 2006;Lei et al., 2011a).
The uncertainties are especially significant for some pollutants, such as ammonia (NH3) and
volatile organic compounds (VOCSs). For example, itisshewn-that-for a Pearl River Delta (PRD)
inventory in 2006, SO. emission has low uncertainties of -16%~21% from power plant sources
quantified by Monte Carlo simulations—Hewever;, while NOx has medium to high uncertainties
of -55%~150% and VOC, CO, and PM have even higher uncertainties (Zheng et al., 2009). For
an inventory for the Yangtze River Delta (YRD) region, the overall uncertainties for CO, SO,
NOX, PM1o, PM25, VOCs, and NHs emissions are +47.1 %, +19.1 %, £27.7 %, £117.4 %,
+167.6 %, +133.4 %, and +112.8 %, respectively (Huang et al., 2011). A comprehensive
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quantification study by Zhao et al. (2011) using Monte Carlo simulations showed that the
uncertainties of Chinese emissions of SO2, NOx, PM2s, BC, and OC in 2005 are —14%~13%,
—13%~37%, —17%~54%, —25%~136%, and —40%~121%, respectively.

The uncertainties in emission inventories are carried into CTMs simulations, leading to biases in
air quality predictions, which need to be carefully evaluated to identify the useful information
that-ecan—be—used—in—for health effects studies (Hu et al., 2016b;Hu et al., 2014c;Hu et al.,
2014b;Hu et al., 2015b;Tao et al., 2014). An evaluation of one-year air pollutants predictions
using the Weather Research and Forecasting (WRF) / Community Multi-scale Air Quality
(CMAQ) modeling system with the Multi-resolution Emission Inventory for China (MEIC) has
been reported (Hu et al., 2016a). The model predictions of Oz and PM.s generally agree with
ambient measured concentrations, but the model performance varies in different regions and
seasons. In some regions, such as the northwest of China, the model significantly under-
predicted PM2.s concentrations.

The technique of ensemble is often used to reduce uncertainties in model predictions by
combining multiple sets of predictions. This technique has been widely used in the climate
predictions (Murphy et al., 2004;Tebaldi and Knutti, 2007), and recently adopted in air quality
predictions (Delle Monache et al., 2006;Huijnen et al., 2010). A recent study has compared a few
anthropogenic emission inventories in China during 2000-2008 (Saikawa et al., 2016), but
detailed evaluation of ai—guality-model results based on these inventories #epevepan—e*tended
time-period-have not been performed. The methods to utilize the strength of different emission
inventories to get improved air quality predictions for China have not been reported in the
literature. The aim of this study is to create an improved set of air quality predictions in China by
using an ensemble technique. First, four sets of one-year air quality predictions were conducted
with the WRF/CMAQ modeling system with four different anthropogenic emission inventories
for China ferthe-entire-year-ofin 2013. In addition to MEIC, the three other emission inventories
are the Emissions Database for Global Atmospheric Research (EDGAR), Regional Emission
inventory in Asia version 2 (REAS2), and Emission Inventory for China developed by School of
Environment at Tsinghua University (SOE). The model performance on PM.s and O3
concentrations in 2013 with different emission inventories was then evaluated against available
observation data_in 60 cities in China. The differences among air quality predictions were also
compared and identified. Finally, an ensemble technique was developed to minimize the bias of
model predictions and to create improved exposure predictions. To the authors’ best knowledge,
this is the first ensemble model study in China using multiple emission inventories. The
ensemble predictions of this study are available for public health effects analyses.

This paper is organized as follows. The CMAQ model, emissions and other inputs for the model,
observational datasets used for model performance evaluation, and the method for ensemble
calculation are described in Section 2. Section 3 discusses the model performance on gaseous
and particulate pollutants simulated with four emission inventories, as well as the performance of
the ensemble predictions in different regions/cities and with different averaging times. FhenAt
last, the major findings are summatrized in the Conclusion section.
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2. Method
2.1 Model description

In this study, the applied CMAQ model is based on CMAQ v5.0.1 with changes to improve the
model’s performance in predicting secondary organic and inorganic aerosols. The details of these
changes could been found in previous studies (Hu et al., 2016a;Hu et al., 2017b)_and the
references therein, therefore only a brief description is summarlzed here&nel—mer&det&ﬂye&mbe
found—in—the—cited—publications—and—thereferences—therein. The gas phase photochemical
mechanism SARPC-11 was modified to better treat isoprene oxidation chemistry (Ying et al.,
2015;Hu et al., 2017b). Formation of secondary organic aerosol (SOA) from reactive uptake of
dicarbonyls, methacrylic acid epoxide, and isoprene epoxydiol through surface pathway (Li et al.,
2015;Ying et al., 2015) was added. Corrected SOA yields due to vapor wall-loss (Zhang et al.,
2014) were adopted. Formation of secondary nitrate and sulfate through heterogeneous reactions
of NO2 and SO- on particle surface (Ying et al., 2014) were-was also incorporated. It has been
shewed-shown that these modifications improved the model performance on secondary inorganic
and organic PM2.s components.

2.2 Anthropogenic emissions

The CMAQ model was applied to China withand surrounding countries in East Asia using the
horizontal resolution of 36-km. The modeling domain is shown in Figure 1. The anthropogenic
emissions are from four-different inventories: MEIC, SOE, EDGAR, and REAS2. MEIC was
developed by a research group in Tsinghua University (http://www.meicmodel.org). Compared
with other inventories for China, e.g. INTEX-B (Zhang et al., 2009) or TRACE-P (Streets et al.,
2003), the major improvements include a unit-based inventory for power plants (Wang et al.,
2012) and cement plants (Lei et al., 2011b), a county-level high-resolution vehicle inventory
(Zheng et al., 2014), and a novel NMVOC speciation approach (Li et al., 2014). The VOCs were
speciated to the SAPRC-07 mechanism. As the detailed species to model species mapping of the
SAPRC-11 mechanism is essentially the same as the SAPRC-07 mechanism (Carter and Heo,
2012), the speciated VOC emissions in the MEIC inventory were directly used in the simulation.

The SOE emission inventory was developed using an emission factor method (Wang et al.,
2011;Zhao et al., 2013). The sectorial emissions in different provinces were calculated based on
activity data, technology-based and uncontrolled emissions factors, and penetrations (fractions of
pollutants not collected) of control technologies. Elemental carbon (EC) and organic carbon
(OC) emissions were calculated based on PM2.s emissions and their ratios to PM2s. The sectorial
activity data and technology distribution were obtained using an energy demand modeling
approach with various Chinese statistics and technology reports. More details, including the
spatio-temporal distributions and speciation of NMVOC emissions, can be found in previous
publications (Zhao et al., 2013;Wang et al., 2011;Bin et al., 2013). Since MEIC and SOE
emission inventories only cover China, emissions from outside China countries and regions were
based on REAS2 (Kurokawa et al., 2013).

The version 4.2 of EDGAR emission (http://edgar.jrc.ec.europa.eu/overview.php?v=42) has a
spatial resolution of 0.1°x0.1°. The EDGAR inventory contains annual emissions from different
sectors based on IPCC designations. REAS?2 has a spatial resolution of 0.25° x0.25° for the entire
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Asia. The inventory contains monthly emissions of pollutants from different source categories.
Saikawa et al. (2016) compared the major features of different anthropogenic emission
inventories for China. Detailed information regarding these inventories can be found in the
publications presenting them. Table S1 shows the total emissions of major pollutants within
China in a typical workday of each season. In general, large differences exist among different
inventories for China. MEIC has the highest CO emissions in January-winter while REAS2 has
the highest in other three-seasons. MEIC has the highest NOx emissions while REAS2 has the
highest emissions of VOCs in all menthsseasons. EDGAR predicts the highest SO2 emissions,
which are approximately a factor of two higher than those estimated by SOE. SOE has highest
NH3 emissions while EDGAR has much lower NHz emissions than the other three. EDGAR also
has lowest EC and OC emissions, but the total PM.s emissions are the highest. Standard
deviations {SB}-indicate that January-winter has the largest uncertainties for all species except
SO, and NHa. Jandary-Winter has the smallest SO> uncertainties while Juby-summer has the
largest NH3 uncertainties.

All the emissions inventories were processed with an in-house program and re-gridded into the
36-km resolution CMAQ domain when necessary. Representative speciation profiles based on
the SPECIATE 4.3 database maintained by U.S. EPA were applied to split NMVVOC of EDGAR
and REAS2 into SAPRC-11 mechanism—_and PMys of all inventories was split alse-speciated
into AEROG6 species-using-profilesfrom-the SPECIATE 4.3 -database. Monthly emissions were
temporally allocated into hourly files using temporal allocation profiles from previous studies
(Chinkin et al., 2003; Olivier et al., 2003; Wang et al., 2010a). More details regarding EDGAR
can be found in Wang et al. (2014a), while those for REAS2 can be found in Qiao et al. (2015).

2.3 Other inputs

The Model for Emissions of Gases and Aerosols from Nature (MEGAN) v2.1 was used to
generated biogenic emissions (Guenther et al., 2012). The 8-day Moderate Resolution Imaging
Spectroradiometer (MODIS) leaf area index (LAI) product (MOD15A2) and the plant function
type (PFT) files used in the Global Community Land Model (CLM 3.0) were applied to generate
inputs to MEGAN. The readers are referred to Qiao et al. (2015) for more information. Open
biomass burning emissions were generated using a satellite observation based fire inventory
developed by NCAR (Wiedinmyer et al., 2011). The dust emission module was updated to be
compatible with the 20-category MODIS land use data (Hu et al., 2015a) for in—line dust
emission processing and sea salt emissions were also generated during CMAQ simulations.

The meteorological inputs were generated using WRF v3.6.1 (Skamarock et al., 2008). The
initial and boundary conditions to WRF were downloaded from the NCEP FNL Operational
Model Global Tropospheric Analyses dataset. WRF configurations details can be found in Zhang
et al. (2012). WRF performance has been evaluated by comparing predicted 2m above surface
temperature and relative humidity, and 10m wind speed and wind direction with all available
observational data at ~1200 stations from the National Climate Data Center (NCDC). The model
performance is generally acceptable and detailed evaluation results can be found in a previous
study (Hu et al., 2016a).
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The initial and boundary conditions representing relatively clean tropospheric concentrations
were generated using CMAQ default profiles.

2.4 Model evaluation

Model predictions with the four emission inventories were evaluated against available
observation data in China. Hourly observations of PMzs, PM1o, O3, CO, SO, and NO; from
March to December 2013 at 422 stations in 60 cities were obtained from CNEMC
(http://113.108.142.147:20035/emcpublish/)_butas no observations were available for January
and FeburaryFebruary. Observations at multiple sites in one city were averaged to calculate the
average concentrations of the city. Detailed quality control of the data can be found in previous
studies (Hu et al., 2016a;Hu et al., 2014a;Wang et al., 2014b). Statistical matrix of mean
normalized bias (MNB), mean normalized error (MNE), mean fractional bias (MFB) and mean
fractional error (MFE) were calculated using the Equations (E1)-(E4):

N

MNB—%;( mCO (E1)
N _

MNE _%zl CmCOC" (E2)

MFB = %i% (E3)
2
N _

MFE =%2% (E4)
2

where C_ and C, are the predicted and observed_city average concentrations, respectively, and

N is the total number of observation data. MNB and MNE are commonly used in evaluation of
model performance of Oz, and MFB and MFE are commonly used in evaluation of model
performance of PM2s (Tao et al., 2014). The U.S. EPA previously recommended Oz model
performance criteria of within + 0.15 for MNB and less than 0.30 for MNE (as shown in Figure 1)
and PM model performance criteria of within + 0.60 for MFB and less than 0.75 for MFE (EPA,

2001b). Figure 2 includes the criteria and goals for PM as a function of PM concentration, as
suggested by Boylan and Russell (2006), which have been widely used in model evaluation.

2.5 Ensemble predictions

The four sets of predictions with different inventories were combined linearly to calculate the
ensemble predictions, as shown in Equation (E5):

Nm
C pred ,ens — ZWmC pred,m (E5)
m=1
where CP"°%™ s the ensemble predictions, CP"**™ is the predicted concentration from the m™

simulation, Nm is the number of simulations in the ensemble (Nm=4), and w,, is the weighting
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factor of the m™ simulation. The weighting factor for each set of predictions was determined by
minimizing the objective function Q as-shews-in Equation (6):

city

Q Z{Cobs ZW Cipred,m:| (EG)

where €S is the observed PM_s or Os concentration at the i city, Ncity is the total number of
cities with observation (N=60), C?"**™ is the predicted concentration at the i city from the m™
simulation, and Np, is the number of simulations in the ensemble (Nm=4)-). The weight factor
anrd-wm’s of the mw simulationare-weighting-factors- to be determined under-the-constraints-that
O<w<Zis within the range of [0, 1], with w=0 represents no influence of the individual simulation
on the ensemble prediction, and w=1 indicates that concentrations of the individual simulation
are fully accounted in the ensemble prediction. The observations data were the same as used in
the model evaluation. Ensemble predictions were performed for PM2s and Os in this study. A
MATLAB program was developed to solve above equation and determine the weighting factors
using the linear least square solver “Isglin”.

3. Results
3.1 Model performance on gaseous and particulate pollutants

Table 1 summarizes the overall model performance on Oz, CO, NO2, SOz, PM25, and PM1o with
dlfferent mventorles usmg the averaged observatlons in 60 C|t|es in 2013. %&QA

‘ 22 raluation Model performance meets the Os criteria for aII |nventor|es O3
from SOE are 7. 2 parts per billion (ppb) lower than the mean observed concentration while the
under-predictions of the other three inventories are less than 2 ppb. CO, NO2, and SO; are under-
predicted by all inventories, indicating potential uncertainties in the inventories. CO predictions
from three inventories (SOE inventory does not include CO) are substantially lower than
observations, with the best performance (lowest MNB and MNE) from REAS2. NO; overall
performance is similar to CO:-. hHowever, MEIC and SOE vyield the lowest MNB, and EDGAR
yields the highest. SO2 performance is better than CO and NO, and MEIC and SOE vyield the
lowest MNB, while MNE values of the four inventories are very similar. PM2s and PMio
predictions using all inventories meet the performance criteria with similar MFB and MFE
values. REAS2 generally yields slightly better PM2s and PM1o performance, but all inventories
under-predict the concentrations generally.

The difference in model performance with the four inventories also varies seasonally and
spatially. Figure 12 shows the comparison of model performance for hourly gaseous species (O3,
CO, NO2, and SO3) in each month from March to December 2013. The MNB values of O3 in
most months are within the criteria for all inventories except for SOE, which under-predicts O3
concentrations. March has the worst performance for all inventories with MNE values larger than
0.4 for MEIC, SOE, and EDGAR. No significant performance difference among different

8
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inventories in different months is found, but large difference exists in various regions of China
(see the definition of regions of China in Figure S1). O3z predicted using MEIC, EDGARSOE,
and REAS2 meets the performance criteria in most regions except for the-YRD-regien by MEIC
and PRD by EDGAR. Oz predicted using SOE only meets the criteria in Northwest (NW) and
other region (Other) of China. Fer-CO;_and NO»; are under-predicted in all regions, with the
largest under-predictions in NW and Other. This pattern is similar among the results with all
inventories. anrd-SO-_is generally under-predicted in all regions except, but over-predicted in the
Sichuan Basin (SCB) by all inventories. SO is also over-predicted by EDGAR in the PRD
region. SO in Northeast (NE) is substantially under-predicted by MEIC and REAS2.; min
general, model performance in the fess-more developed regions such as YRD, NCP, and PRD are

relatively better, compared to NW and Other regions-eentral- {CNT)—NW —and-Otherregions-is
e T

Figure 23 illustrates the PM2s and PMzg performance statistics of MFB and MFE as a function of
absolute concentrations in different months of 2013 and in different regions. PM2s predictions
based on each inventory are within the performance goal of MFB and between the goal and
criteria of MFE in all months. There is no significant difference among inventories. Half of
monthly averaged PM1o MFB values fall within the goal while the rest are between the goal and
criteria. MFE values of PMyo are all between the goal and criteria. From the regional perspective:,
PM2s performance in NE by SOE is out of the MFB criteria, while that in Sichuan-Basin{SCB}
by MEIC, SOE, and REAS2 are out of the MFE criteria. MFB _values of PMyg at all regions meet
the criteria except NW, where-which-is-largehyaffecteddue to under-estimation of -by-windblown

dust emissions in NW.

3.2 Spatial variations in predicted gaseous and particulate pollutants

Figure 3-4 shows the spatial distribution of annual averaged gas species, daily maximum 1-hour
peak—O3 (Os-1h),_and 8-hour menan Oz (O3-8h), NO2, and SO predicted by MEIC and
differences between SOE, EDGAR, and REAS2 to MEIC. MEIC predicted-predicts annual Oz-
1h concentrations are ~60ppb in most parts of China with the highest values of ~70ppb in SCB.
SOE predicts lower Oz-1h values foral-the-domainthan MEIC, with about 5 ppb differences in
the SCB, central China (CNT), and North China Plain (NCP) regions and 2-3 ppb differences in
other regions. EDGAR also predicts 2-3 ppb lower Os-1h in most regions than MEIC but its Os-
1h predictions in the Tibet Plateau, NCP and ocean regions are 2-3 ppb higher than MEIC
predictions. REAS?2 predicted Os-1h values are lower than these-ef-MEIC for scattered areas in
the NE, NW, and CNT regions and other regions experience slightly higher Oz-1h. MEIC, SOE,
and REAS2 have similar results out of China_(the difference is generally less than 1 ppb) since
the simulations used same emissions for those regions. Os-8h shows similar spatial distributions
as Os-1h among inventories with slightly less differences. NO2 concentrations are 10-15ppb in
developed areas of the NCP and YRD regions, and greater than 5 ppb at other urban areas as
predicted by MEIC. SOE predicts 2-3 ppb lower NO2 concentrations in most areas except the
vast NW region. EDGAR predicts lower NO2 (more than 5 ppb difference) in urban areas of the
NCP and YRD areas but higher concentrations in the entire west part of China by approximately
1-2 ppb. REAS2 has the closest NO, with MEIC as the 1-2 ppb underestimation and
overestimation are almost evenly distributed in the whole country. SO, concentrations are up to
20ppb in the NCP, CNT, and SCB regions while are less than 5 ppb in other regions. SOE

9
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mostly predicts 2-3 ppb lower SO in the east half of China with the largest difference of -10 ppb
in the CNT region. EDGAR and REAS2 had very similar difference with MEIC, i.e., more than
5 ppb higher concentrations in the NCP and YRD, ~2 ppb higher concentrations in the PRD, 2-3
ppb lower concentrations in the NE and up to 5 ppb lower concentrations in the CEN and SCB.

Figure 45 shows the seasonal distribution of PM_ s total mass predicted by MEIC and differences
between SOE, EDGAR, and REAS2 to MEIC. In the—spring, MEIC predicted PM2s
concentrations are ~50 pg m in east and south parts of China, and Southeast Asia has the
highest value of ~100 pg m. SOE predicts 5-10 pg m= lower PMzs in north China and < 5 pg
m higher values in south China and along the coastline. EDGAR predicts >20 pug m= lower
values in NCP and ~10 pg m™ lower values in NE, CNT, and SCB, but up to 20 pug m™ higher
values in PRD. REAS2 predicts higher PM2s values in most parts of China except under-
predictions in NE and SCB. The over-predictions in YRD and NCP were-are up to 20-30 pug m=.
In summer, the high PM2s regions are much smaller compared to spring with ~50 pug m= ppb
concentrations in NCP, north part of YRD and SCB and 20-30 pug m™ in other parts. Generally,
SOE predicts <10 pg m lower values in most regions. EDGAR predicts lower values in NCP
and SCB and 5-10 pg m™ higher values in south part. REAS2 almost predicts higher values in all
the regions except some scattered areas in NC¥P, YRD, and SCB.

In fall, PM2s concentrations are larger than 50 pg m in most regions except NW and are ~100
pg m2 in part of NCP, CNT, and SCB. SOE predicted values are lower in north part and higher
in south part. EDGAR predicts up to 30 pg m lower values in NCP and SCB while up to 20 pg
m- higher values in YRD. REAS? again estimates close values to MEIC with less than 5 pg m™
differences in most regions and up to 20 pg m= higher values in scattered areas in YRD and SCB.
In winter, MEIC predicted PM25 concentrations are up to 200 pg m= in NC¥P, CNT, YRD, and
SCB, while PY¥RD has concentrations of ~50 pug m=. SOE severely underestimates by 30 pg m
in all regions with high PM2s concentrations and only coast areas experience <10 pug m™ higher
values. EDGAR also predicts 30 pug m lower PM25s concentrations in NE, NCP, CNT, and SCB,
but the YRD region has 20 pg m™ higher values. The regions with lower values by REAS2
compared to MEIC are-much-smaller-but-are at the same-regions of NE, NCP, CNT and SCB,
similar to EDGAR but with much smaller areas. SOE predicts higher PM2 s in Sthe south parts of
YRD and NCP-have-higher-PM. s-values than MEIC.

Figure 56 shows the annual averaged concentrations of PM2s components predicted by MEIC
and the differences between other inventories with MEIC. Annual averaged particulate sulfate
(SO4%) concentrations are 20-25 pug m™ in NCP, CNT, and SCB, and about 10 pug m in other
regions in the southeast China. SOE predicts ~10 pug m lower values in high concentration areas
and 2-3 pg m lower in other areas. EDGAR predicts ~5 pg m™ higher SO4% in southeast China
and 2-3 pg m lower values in SCB. REAS?2 predicted SO+ are generally 2-3 ug m lower than
that of MEIC in areas except the coastal areas. MEIC predicts the highest particulate nitrate
(NO3") concentrations of up to 30 pg m= in NCP and YRD and values in other regions are 5-10
png m?3 except the northwest China. SOE predicts <5 pg m=* lower values in the high
concentrations areas and ~2 pug m higher values in coastal areas. EDGAR uniformly predicts
lower NOs™ values than MEIC with the largest different of 10 ug m. REAS2 has similar results
to SOE. Particulate ammonium (NH4") concentrations predicted by MEIC have a peak of 15 ug
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m and are mostly less than 10 pg m in the east and south parts of China. SOE predicts slightly
lower values except for coastal areas in PRD, where 1-2 pug m= higher values are observed.

Elemental-earbon—(EC) concentrations are generally low compared to other components as
predicted by MEIC. The highest values are less than 10 pg m= in NCP, CNT and SCB. All other
three inventories predicted 1-2 ug m= lower EC values throughout the country. Primary organic
aerosol (POA) predicted by MEIC are 20-30 pug m™ in NCP, CNT and SCB, and are ~10 pug m
in other areas in east and south parts of China. SOE predicts up to 5 pg m= higher values in most
areas with scattered places with ~2 ug m= lower values compared to MEIC. EDGAR and
REAS? predict up to ~10 ug m= lower values except for coastal areas. SOA concentrations are
low in north part of China and up to 10 ug m™ in the whole east and south parts. All three other
inventories predict ~2 pug m? lower SOA values compared to MEIC. For other implicit
components (OTHER), the highest concentrations are ~15 pg m= in NW and NCP, while other
regions have lower than 5 pg m= concentrations. In NW, the major sources of OTHER are
windblown dust online generated by CMAQ simulations, thus almost no differences are
observed among inventories. SOE and EDGAR predict lower OTHER vales in north part (~2 ug
m=) and slightly higher values in south and east parts (~5 pg m?). REAS2 predicts higher
OTHER values in the whole east part uniformly with up to 10 pg m differences in NCP, YRD,
and SCB regions.

Additional comparisons of model predictions in different regions and some major cities in China
are shown in Figures S21-S54 in the Supplemental Material.

3.3 Ensemble predictions

Above analyses indicate that model performance with different inventories varies on different
pollutants and in different regions. Table S2 shows the observed annual average concentrations
of PMzs in the 60 cities and the predictions from the four inventories as well as the weighted
ensemble predictions. The weighting factors for predictions using MEIC, REAS2, SOE and
EDGAR are 0.31, 0.36, 0.24 and 0.20, respectively (Table 32). The ensemble predictions greatly
reduce MFB with a value of -0.11, compared to the MFB values of -0.25 — -0.16 using the annual
average concentrations in the individual simulations. Also, the ensemble predictions have an
MFE value of 0.24, lower than anyd MFE values of 0.26 — 0.31 in any-individual simulations
(Figure 67). The ensemble predictions of annual Os-1h have the MNB and MNE of 0.03 and
0.14, improved from MNB of 0.06 — 0.19 and MNE of 0.16 — 0.22 in the individual predictions,
respectively.

To further evaluate the ability of the ensemble method in improving predictions at locations
where observational data are not available, ensemble predictions were made using a data
withholding method. For each city, the observations at the other 59 cities were used to determine
the weighting factors in E6 and the ensemble prediction at the city was calculated. Performance
of the ensemble predictions at the city was calculated using the withheld observations to evaluate
the performance. The evaluation process was repeated for each of the 60 cities and the
performance was compared to that with individual inventories (shown in Table S34). The results
show that the ensemble predictions are better than those with EDGAR, MEIC, REAS2 and SOE
at 36, 37, 32 and 40 cities for PM2s, and 39, 39, 43, and 38 cities for Os-1h, respectively. The
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ensemble predictions are better than > 2 of the individual predictions at 45 and 41 cities for
PM2s and Os-1h, respectively. Out of the 15 cities that the ensemble PM2s is only better than
one or none of the individual predictions, 10 cities have MFB within +0.25 and MFE less than
0.25. Out of the 19 cities that the ensemble Os-1h is only better than one or none of the
individual predictions, 14 cities still have MNB within £0.2 and MNE less than 0.2. The results
demonstrate that the ensemble can improve the predictions even at locations with no
observational data available.

Previous studies have revealed that CTMs predictions agree more when averaging over longer
times (i.e., annual vs. monthly vs. daily averages) (Hu et al., 2014b;Hu et al., 2015b). Ensemble
predictions were also calculated with daily and monthly averages for PM2s, in addition to the
calculation with annual averages discussed above. The weighting factors and the performance of
ensemble predictions are shown in Table 32 and Figure 67, respectively. The weighting factors
vary largely with the averaging times, suggesting that the prediction optimization need to be
conducted separately when using different time averages. The ensemble predictions improve the
agreement with observations in all averaging time cases, with lower MNB and MNE than any of
the individual predictions._In general, EDGAR and REAS have large weights for daily and
monthly ensemble calculations, and MEIC and SOWE have large weights for annual ensemble
calculations. This result indicates that the annual total emission rates of MEIC and SOE are
likely accurate but the temporal profiles to allocate the annual total emissions rates to specific
day/hours need to be improved.

Table 35 shows the ensemble prediction performance on PM. s and Os-1h in different regions of
China using the daily average observations and daily average predictions with individual
inventories. The weighting factors vary greatly among regions, reflecting that substantial
difference in the spatial distributions of PM2s and Oz when using different inventories. The
MNB and MNE values of ensemble predictions are reduced in all regions for both pollutants,
suggesting the ensemble predictions improve the accuracy and can be better used in further
health effects studies. The similar findings are also found with the monthly average observations
and predictions (shown in Table S43).

Figure 84 shows spatial distributions of PM.s and its components from the ensemble predictions
using the weighting factors of annual averages. The ensemble of PM2s components were
calculated using the same weighting factors for PM2s. Over 80 pug m™ annual average PMas
concentrations are estimated in NCP, CNT, YRD and SCB regions in 2013. Secondary inorganic
aerosols (SO4%, NOs", and NH4") account for approximately half of PM,s, and exhibit similar
spatial patterns. Carbonaceous aerosols (EC, POA, and SOA) account for about 30%, but POA
and SOA have quite different spatial distributions. High POA concentrations are mainly
distributed in NCP, CNT and SCB, while high SOA concentrations are found in the south part of
China. By considering the spatial distributions of population and ensemble PM. s, the population-
weighted annual averaged PM2s concentration in China in 2013 is 59.5 pg m, which is higher
than the estimated value of 54.8 ug m= by Brauer et al. (2016).

The products of the current study can be further applied in health effects studies. The first such
analysis used the annual PM».s ensemble predictions to assessFer—example: the spatial
distribution of excess mortality due to adult (> 30 vears old) ischemic heart disease (IHD),
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cerebrovascular disease (CEV), chronic obstructive pulmonary disease (COPD) and lung cancer
(LC) in China caused by PM2s exposure (Hu et al., 2017a). Any health studies requiring human

exposure_information to different pollutants would benefit from this study. Even though the
weighted factors vary depending on the regions, averaging times and different study years, the

ensemble method proposed in this study is to minimize the difference between predictions and
observations and can be applied in different studies. The way to calculate the weighting factors
depends on the objectives of specific studies. But in general, more observation data used in the
calculation, more accurate the ensemble prediction would be.

4. Conclusion

In this study, air quality predictions in China in 2013 were conducted using the WRF/CMAQ
modeling system with anthropogenic emissions from four inventories including MEIC, SOE,
EDGAR, and REAS2. Model performance with the four inventories was evaluated by comparing
with available observation data from 422 sites in 60 cities in China. Model predictions of hourly
O3 and PM2s with the four inventories generally meet the model performance criteria, but that
model performance with different inventories varies on different pollutants and in different
regions. To improve the overall agreement of the predicted concentrations with observations,
ensemble predictions were calculated by linearly combining the predictions from different
inventories. The ensemble annual concentrations show improved agreement with observations
for both PM2s and Os-1h. The MFB and MFE of the ensemble predictions of PM2s at the 60
cities are -0.11 and 0.24, respectively, which are better than the MFB (-0.25 — -0.16) and MFE
(0.26 — 0.31) of any individual simulations. The ensemble predictions of annual Oz-1h have the
MNB and MNE of 0.03 and 0.14, improved from MNB (0.06 — 0.19) and MNE (0.16 — 0.22) in
individual predictions. The ensemble predictions with data withholding method at each city show
better performance than the predictions with individual inventories at most cities, demonstrating
the ability of the ensemble in improving the predictions at locations where observational data are
not available. The ensemble predictions agree better with observations with daily, monthly, and
annual averaging times in all regions of China. The study demonstrates that ensemble predictions
by combining predictions from individual emission inventories can improve the accuracy in the
concentratlon estlmatlon and the spatlal dlstrlbutlons of air poIIutants. The—preducts—ofthe
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Table 1. Overall model performance of gas and PM species in 2013 using different inventories.
Obs is observation, MFB is mean fractional bias, MFE is mean fractional error, MNB is mean
normalized bias, and MNE is mean normalized error. The indices arewere calculated with hourly
observations and predictions.

Prediction  MFB MFE MNB MNE

Mean Obs: 51.70 ppb

MEIC 49.83 -0.08 0.35 0.02 0.33
O3 SOE 4451 -0.2 0.38 -0.09 0.32
EDGAR 49.82 -0.04 0.28 0.03 0.28
REAS?2 51.17 -0.04 0.33 0.05 0.33

Mean Obs: 0.96 ppm
MEIC 0.31 -0.92 0.96 -0.57 0.63

CO SOE / / / / /

EDGAR 0.23 -1.12 1.16 -0.66 0.73
REAS?2 0.42 -0.72 0.82 -0.41 0.59

Mean Obs: 21.45 ppb
MEIC 10.12 -0.79 0.93 -0.41 0.66
NO2 SOE 11.59 -0.65 0.81 -0.33 0.61
EDGAR 6.82 -1.02 1.07 -0.6 0.67
REAS?2 9.3 -0.81 0.92 -0.46 0.63

Mean Obs: 17.21 ppb
MEIC 12.5 -0.51 0.87 0.01 0.87
SO2 SOE 12.76 -0.44 0.83 0.06 0.86
EDGAR 15.86 -0.16 0.73 0.31 0.88
REAS?2 15.15 -0.23 0.74 0.23 0.86

Mean Obs: 70.01 ug m
MEIC 56.39 -0.32 0.64 -0.02 0.63
PMzs SOE 59.77 -0.24 0.61 0.09 0.67
EDGAR 52.59 -0.3 0.59 -0.05 0.56
REAS?2 60.35 -0.21 0.59 0.08 0.63
Mean Obs: 118.61 pg m

MEIC 62.7 -0.63 0.79 -0.32 0.61
PM1o SOE 63.32 -0.6 0.76 -0.3 0.6
EDGAR 55.76 -0.67 0.78 -0.38 0.58
REAS?2 71.41 -0.49 0.7 -0.21 0.59
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Table 32. The weighting factors (w) of each inventory in the ensemble predictions of PM..s when
using daily, monthly, or annual averages in the objective function (E5).

Daily  Monthly  Annual

MEIC 0.07 0.13 0.31
SOE 0.14 0.16 0.24
EDGAR 0.38 0.23 0.20
REAS?2 0.49 0.63 0.36
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Table 53. Performance of daily PM>s (MFB and MFE) and Os-1h (MNB and MNE) in different regions of China based on individual
inventories and the ensemble. The weighting factors (w) used to calculate the ensemble of each region are also included.

Region MEIC SOE EDGAR REAS? ENSEMBLE
(# of Cities) w MFB  MFE w MFB  MFE w MFB  MFE w  MFB  MFE MFB  MFE
NE (4) 016 -023 0.44 021 038 068 020 030 043 043 012 043 0.08  0.42
NCP (14) 000 -0.30 0.47 052 -0.34 046 014 -040 051 056 -020 041 012 040
NW (6) 000 -0.87  0.90 020 -080 084 059 -085 087 100 -0.81 083 049  0.66
PM,s YRD (20) 005 -029  0.45 000 -027 043 061 023 040 035 -013 040 018  0.38
CNT (5) 009 -010  0.46 018 -005 041 050 -027 040 022 009 044 014 037
SCB (2) 000 010  0.48 064 023 048 000 -010  0.39 008 007 043 015  0.40
SOUTH(9 010 -0.35 051 000 -018 041 059 007 045 030 -025 0.44 016 041
CHINA (60) 007 -0.34 0.52 014 -026 050 038 -033  0.49 049 022 046 020 0.5
w MNB MNE w MNB  MNE w MNB  MNE w  MNB MNE MNB  MNE
NE 009 044 050 000 016 034 045 041 0.47 027 042 048 014 031
NCP 029 033 047 012 023 044 006  0.46 0.59 042 047 056 025 043
NW 000 065 0.72 082 054 062 000  0.70 0.77 000 068  0.74 025 046
Os-1h YRD 000 020 041 053 014 038 000 025 0.45 045 027 044 017  0.39
CNT 027 027 047 018 016 043 010 035 0.53 036 035 052 018 042
SCB 044 059  0.68 014 042 058 028  0.59 0.70 000 060 072 033 053
SOUTH 084 039  0.50 000 029 046 000 038 0.51 000 042 053 016  0.37
CHINA 019 034  0.49 020 023 044 000  0.39 0.54 051 041 053 021 042
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Figure 1. The WRF/CMAQ modeling domain and the regions in China. The dots represent the
60 cities where observational data are available for ensemble analysis.
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Figure 12. Performance of predicted Oz, CO, NO3, and SO- for different months (top two rows)
and regions based on simulations with individual inventories. The blue dashed lines on the O3
plots are +/-0.15 for MNB and 0.3 for MNE as suggested by U. S. EPA (2001a). Changes of
colors show the months from March to December in top two rows, while show regions from

NCP to Other in the bottom two rows. The same for Figure 2.
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Figure 23. Performance of predicted PM2s and PMyo for different months (a-d) and regions (e-h)
based on simulations with individual inventories. The x-axis is the observed concentrations. The
model performance criteria (solid black lines) and goals (dash blue lines) are suggested by Byun
and Russell (2006)._The model performance goals represent the level of accuracy that is
considered to be close to the best a model can be expected to achieve, and the model
performance criteria_represent the level of accuracy that is considered to be acceptable for
modeling applications.

29



MEIC SOE-MEIC EDGAR-MEIC REAS2-MEIC

-10 -5 0 5 10

Figure 34. Spatial difference of model predicted annual averaged gas species concentrations (in
the horizontal panels) with different inventories (in the vertical panels). Units are ppb. The color

bars of the first column are different to better show the spatial distribution of different species.
White indicates zero while blue, green, yellow and red means concentrations from low to high.
The color bar for the other three columns are same, white indicates zero, blue and green mean
values less than zero while yellow, purple and red mean values larger than zero. Os-1h represents
daily maximum 1h Oz and O3-8h represents daily maximum 8h mean Oa.
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Figure 45. Spatial difference of model predicted seasonal averaged PM2s concentrations -(in the
horizontal panels) with different inventories (in the vertical panels). Units are ug m. In the first

column, white indicates zero while blue, green, yellow and red means concentrations from low to
high. The color bar for the other three columns are same, white indicates zero, blue and green
mean values less than zero while yellow, purple and red mean values larger than zero. The same

for Figure 56.
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Figure 56. Spatial difference of model predicted annual PM2s components -(in the horizontal

panels) with different inventories (in the vertical panels). Units are pg m=.
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Figure 76. MFB and MFE of predicted PM2s for with an averaging time of 24 hours, 1 month,
and 1 year based on the individual inventories and the ensemble.
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Figure #8. Spatial distributions of PM.s and its components in the ensemble predictions. Units

are pg m3. The scales of the panels are different. White indicates zero while blue, green, yellow
and red means concentrations from low to high.
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