Anonymous Referee #3
Overall Quality
Although this paper seeks to address an important topic and is well written, it lacks sufficient scientific
merit for publication. It repeats the general strategy of an earlier paper by one of the co-authors (Guan
et al. 2012) that sought to repackage the existence of large inconsistencies between different official
Chinese datasets concerning energy as an analytical research finding. Those inconsistencies are
important to understanding China’s air pollution and greenhouse gas emissions, but their existence is
not newly recognized (Sinton 2001; Akimoto et al. 2006) and, more importantly, processing them with
pre-packaged emission estimation protocols does not yield findings that should be considered
publishable original research.
Response: We thank Referee #3 for the constructive comments. Emission inventories over China are
thought to be quite uncertain due to incomplete knowledge of activity rates and emission factors. For a
long period, the emission inventory community assumed that the uncertainties in energy statistics are
small and attributed the main sources of uncertainties to emission factors (Streets et al., 2003; Lu et al.,
2011; Zhao et al., 2011; Kurokawa et al., 2013). For example, Zhao et al. (2011) assumed normal
distributions with CV of 10% for energy consumption in the industry sector. Large differences among
different statistics (Sinton 2001) and their impacts on emission estimates for CO2 (Guan et al., 2012)
and NOx (Akimoto et al., 2006) have been identified by previous studies, however, the impacts on the
emission estimates of different air pollutants covering a long-term period were not well recognized
from previous studies.
In this work, we evaluate the impacts on major air pollutants (i.e., SO2, NOx, VOC and PM2.5) and
include the recent energy statistics covering a full period (1990-2013). We found that the uncertainties
induced by energy statistics are much higher than the assumptions in previous studies. For example, we
identified that using different statistics could introduce as high as 30% differences in SO2 emission
estimates over China, which is larger than the previously estimated uncertainty range of SO 2 emissions
in China (i.e., -14%~13% from Zhao et al., 2011). We also found increasing uncertainties in China’s
energy consumption during 2004-2012, and converging uncertainties in 2013. Our findings indicate
that variations in energy statistics could be an important source of China’s emission uncertainties.
Given that, we believe that our study provides important and new findings on the knowledge of
uncertainties in bottom-up emission inventories and merits publication in ACP.
Both referee #1 and #2 endorsed the novelty of our work. As indicated by Referee #1, “In my
knowledge, this is a first work.” As indicated by Referee #2, “The paper will be a solid addition to the
literature.” The results and methods presented in this study could be used to distinguish how many
differences in emissions between two existing inventories might come from those inconsistencies in
energy data, as presented in Section 4.2. We believe the paper will be helpful to improve understanding
of East Asia emissions, and it is quite suitable for the special issue of “East Asia emissions assessment
(EA2)”.
The paper essentially does the following. First, it assembles a set of publicly available energy datasets.
Second, it processes these datasets using the pre-existing MEIC model for calculating atmospheric
emissions. And third, it uses statistically questionable comparisons of the resulting disparities in both
energy and emission datasets to draw inferences about the scale and sources of emission uncertainty.
The mechanical processing of existing datasets using preexisting (and opaque) research tools is neither
innovative nor novel. Importantly, it is also not reproducible, at least as currently presented. Last, the

inferences about uncertainty are speculative, as no rationales for use of the metrics defined and
employed in the paper are presented.
Response: We clarified the question about reproducibility here. For the question about the uncertainty
metrics defined in this study, please refer to the following responses to “Individual Questions/Issues”.
The MEIC emission inventory model (available at http://www.meicmodel.org) was used in this study to
investigate the emission responses to different energy statistics. MEIC is a dynamic technology-based
inventory developed by Tsinghua University. The methodology and data used in developing the MEIC
model has been extensively documented in our previous publications, ensuring the transparency and
reproducibility of the MEIC model (e.g., Zhang et al., 2007; Zhang et al., 2009; Lu et al., 2010; Lei et
al., 2011; Zheng et al., 2014; Huo et al., 2015; Liu et al., 2015). The MEIC inventory has been widely
used in supporting air quality models (e.g., Geng et al., 2015; Li et al., 2015; Zhang et al., 2015; Liu et
al., 2016), and evaluated against surface and satellite-based observations (e.g., Chen et al., 2015; Zheng
et al., 2015; Hu et al., 2016). To make the paper be more reproducible, we have provided more detailed
methods in the Section 2.2 of the revised manuscript. The MEIC is developed following the work of
INTEX-B (Zhang et al., 2009), with several updates, such as a unit-based emission inventory of power
plants (Liu et al., 2015), a high-resolution vehicle emission inventory at the county level (Zheng et al.,
2014), and an improved NMVOC speciation approach for various chemical mechanisms (Li et al.,
2014). MEIC inventory includes recent control policies based on the available official reports (Ministry
of Environmental Protection of China (MEP), 1991-2014, 2000-2014). The emissions in MEIC were
estimated as a product of the activity rate (such as energy consumption or material production), the
technology distributions of fuel/production and emission control, the unabated emission factor, and the
removal efficiency. Thus, the emission estimates can be simplified as the activity rates multiplied by
their respective net emission factors of different fuel/product types in different sectors. Note that the net
emission factors in MEIC change dynamically driven by the technology renewal process year by year.
Technology distributions within each sector are obtained from Chinese statistics, a wide range of
unpublished statistics by various industrial association and technology reports. For example,
technology distributions in the power sector were obtained based on unit-base database (Liu et al.,
2015). Technology distributions in the transportation sector were estimated based on fleet model
(Zheng et al., 2014). The methods on emission estimates has been documented in our previous work
(Zhang et al., 2007; Zhang et al., 2009; Zheng et al., 2014; Liu et al., 2015).
The methods of estimating emissions applied to different energy consumption datasets have been
clarified more carefully in the Section 2.2 of revised manuscript. To further explore the impact of
energy data inconsistencies on estimates of China’s emissions, five emission inventories based on five
sets of energy statistics (i.e., CT-CESY-Ori, CT-CESY-1C, CT-CESY-2C, CT-CESY-3C and
PBP-CESY) were established in the framework of the MEIC inventory. Note that only energy data
were changed in the calculations of these emission inventories, while other data such as net emission
factors remained the same as MEIC inventory. Thus the emission uncertainties derived from these
inventories are only those associated with energy uncertainties. They do not include uncertainties in the
emission factors and other parameters in MEIC inventory, which is not addressed in this study. For
different energy datasets, the same net emission factors were applied for fuel consumption in a given
sector in each year during the emission calculations. In fact, energy differences might change the
technology renewal process, and further change the net emission factors. However, considering that
those assumptions would likely add additional uncertainty and we do not discuss the uncertainties in
emission factors, such indirect impacts on emission factors are not included in this study. We only

applied all the fuel consumption differences to the combustion sectors. The sectoral categories are
consistent across all the energy datasets from NBS (Table S1). The same scale factor in fuel
consumption was applied for all the sub-categories in same major sector (e.g. industrial coal-fired
boilers and kilns in industry sector; on-road diesel vehicles and off-road mobile sources in
transportation sector). The possible uncertainties in feedstocks and products resulted from energy
uncertainties are not included in this study, and also the uncertainties in biomass consumption are not
included due to lack of multiple datasets, thus our estimates of emission uncertainties are likely on the
conservative side. As the emission calculations were performed with province-level data, energy
consumption in the national energy statistics were directly allocated to provinces by using the ratios
derived from the provincial energy statistics.
The extent to which the results are interesting is derived from the scale of the inconsistencies of the
underlying data, not from the analysis itself. While the authors appear positioned to undertake a more
rigorous assessment of their important topic, the current paper is too formulaic, unsupported, and
speculative to justify publication.
Response: We agree that besides the “apparent uncertainty”, the inconsistencies of the underlying data
are also interesting, so we also presented and discussed the inconsistencies in the manuscript. For
example, we presented the results from different datasets in Figure 1-3, Figure 5 and Table 3, and also
discussed those inconsistencies in the results section and discussion section. In particular, we also
discussed the inconsistencies of the energy data and possible sources for the inconsistencies in the
section of “4.1 Understanding the reliability of energy statistics”.
Individual Questions/Issues
1. The paper is irreproducible, as it does not describe the methods of estimating emissions applied to
different energy consumption datasets. It instead refers the reader to the website of the MEIC model,
which does not present all of the underlying data and assumptions of the emission estimation model. To
be reproducible, methods and assumptions must be described for each category of energy use
(industrial subsector, for example, or vehicle type) treated uniquely in the assessment. Other
researchers therefore cannot replicate the emission estimation as currently presented, except by blind
trust in the same MEIC model.
Response: We have clarified the question about reproducibility in the above response.
2. The paper draws inferences about uncertainty based on two values defined in lines 9-10 of page 3:
“We defined the apparent uncertainty as the maximum discrepancy among different datasets and the
apparent uncertainty ratio as the ratio of the maximum discrepancy to the mean value from the
different datasets.” These two concepts sound attractive but the rationales for their use to draw
inferences about statistical uncertainty are currently lacking in the paper.
Response: We have clarified rationales for use of the metrics defined and employed in the paper in the
introduction section of the revised manuscript. We defined the apparent uncertainty as the maximum
discrepancy among different datasets and the apparent uncertainty ratio as the ratio of the maximum
discrepancy to the mean value from the different datasets. Apparent uncertainty is a straightforward
metric used to quantitatively gauge the apparent discrepancies between different existing datasets. Thus
apparent uncertainty could partly reflect actual uncertainty. In general, large apparent uncertainty
reflects large discrepancies, which might indicate large actual uncertainty. However, it should be noted

that apparent uncertainty could not fully represent actual uncertainty, and apparent uncertainty would
likely to be conservative estimates as it might be subjected to the datasets used. Thus small apparent
uncertainty does not necessarily mean to small actual uncertainty. Actual uncertainty, however, is
difficult to be quantified and might need judgments.
Both concepts appear problematic. Regarding “apparent uncertainty,” a case has been made that a
rough estimate of the uncertainty of energy data might be based on differences in values of
subsequently revised data in the same official series (Marland et al. 2009). The rationale rests on a
reasonable expectation that revisions represent increasing accuracy in the data and/or calculations, or
“learning and convergence.” In the current paper, however, any connection to this rationale is lost
because the authors simply compile datasets from different series (national, provincial, and IEA) and
seek a maximum differential. Some sort of conceptual rationale for readers to find meaning in the value
defined as apparent uncertainty is required for this calculation to be interpretable.
Response: It should be noted that this study focused on quantifying the discrepancy rather than giving
best estimates. Although revisions might represent increasing accuracy, or “learning and convergence”,
actual uncertainty, however, is difficult to be quantified and might need judgments. An alternative
approach is to use “apparent uncertainty” which is used in this study to present the apparent
discrepancies observed from the existing datasets rather than estimating uncertainties based on
judgments. Apparent uncertainty is a straightforward metric used to quantitatively gauge the apparent
discrepancies between different existing datasets. This kind of apparent uncertainty exists not only in
the energy datasets, but could also transfer to emission inventories. We believe “apparent uncertainty”
is useful for understanding the “actual uncertainty”. Apparent uncertainty could partly reflect actual
uncertainty. In general, large apparent uncertainty reflects large discrepancies, which might indicate
large actual uncertainty. However, it should be noted that apparent uncertainty could not fully represent
actual uncertainty, and apparent uncertainty would likely to be conservative estimates as it might be
subjected to the datasets used. Thus small apparent uncertainty does not necessarily mean to small
actual uncertainty. We have clarified this in the introduction section of the revised manuscript.
The “apparent uncertainty ratio” is problematic first because the numerator is apparent uncertainty,
with the conceptual concern just noted, but then compounded by a denominator that is also hard to
rationalize because of autocorrelation. Taking the mean of all datasets, including sequential revisions
of the same dataset (CT-CESY-Ori, CT-CESY-1C, CT-CESY-2C, and CT-CESY-3C), implicitly assumes
that they are independent. Without a defensible justification of this assumption, the calculations should
recognize that revisions represent improving accuracy and should not be treated equally (as in a mean)
in assessment of uncertainty.
Response: The question about apparent uncertainty is clarified in above response. Apparent
uncertainty ratio is a metric to quantify the relative deviation. As we did not perform best estimates, the
mean of all datasets gives an alternative median estimate. We notice that changing the denominator
from the mean to the newest revised dataset (i.e., CT-CESY-3C) do not significantly impact the
calculations of the apparent uncertainty ratio.
The paper requires a more rigorously conceived statistical basis to draw the sort of inferences about
uncertainty that it seeks as its primary conclusions.
Response: We have clarified that our statistical approach could provide indirect but still useful

information about uncertainty in the above responses.
Technical Corrections:
The authors need to revisit the above fundamental issues first before they (and reviewers) put time into
other issues and technical corrections that this paper needs.
Response: We have clarified all the issues in the above responses.
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