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ABSTRACT: Sustainability policies are often motivated by the
potential to achieve multiple goals, such as simultaneously
mitigating the climate change and air quality impacts of energy
use. Ex ante analysis is used prospectively to inform policy decisions
by estimating a policy’s impact on multiple objectives. In contrast,
ex post analysis of impacts that may have multiple causes can
retrospectively evaluate the eﬀectiveness of policies. Ex ante
analyses are rarely compared with ex post evaluations of the same
policy. These comparisons can assess the realism of assumptions in
ex ante methods and reveal opportunities for improving prospective
analyses. We illustrate the beneﬁts of such a comparison by
examining a case of two energy policies in China. Using ex post
analysis, we estimate the impacts of two policies, one that targets
energy intensity and another that imposes quantitative targets on SO2 emissions, on energy use and pollution outcomes in two major
energy-intensive industrial sectors (cement, iron and steel) in China. We ﬁnd that the ex post eﬀects of the energy intensity policy on
both energy and pollution outcomes are very limited on average, while the eﬀects of the SO2 emissions policy are large. Compared
with ex ante analysis, ex post estimates of beneﬁts of the energy intensity policy are on average smaller, and diﬀer by location in both
sign and magnitude. Accounting for ﬁrm-level heterogeneity in production processes and policy responses, as well as the use of
empirically grounded counterfactual baselines, can improve the realism of ex ante analysis and thus provide a more reliable basis for
policy design.

1. INTRODUCTION
Modeling policy impacts in a prospective (ex ante) sense is
important to inform decisions on how to address sustainability
challenges, given that policies can have multiple goals, or at
least multiple eﬀects. Energy-related sustainability policies are a
prominent example.1−3 Industrial uses of fossil energy emit not
only the greenhouse gas CO2 but also SO2, NOx, and primary
particulate matter (PM), which degrade local and regional air
quality. Policies that reduce fossil energy use may thus help to
address ambient air pollution, a leading cause of mortality and
morbidity worldwide.4 However, ex ante estimates of policy
impacts are rarely compared directly to retrospective studies
that use observed data (ex post).
Much prior work intended to inform energy-related
sustainability policy analyzes the eﬀects of energy policies on
air quality and human health ex ante.2,5,6 Shindell et al.7
showed that emissions reductions in the energy and transportation sectors in the U.S. consistent with a 2 degree global
temperature target would deliver near-term health beneﬁts
from reducing SO2, NOx, black carbon (BC), and other
pollutants by $250 billion per year. Thompson et al.8 projected
that the monetized beneﬁts of U.S. climate policy due to
improved air quality would exceed the cost of some policies,
but beneﬁts rapidly diminish with increasing policy stringency.
© 2020 American Chemical Society

Eﬀects of energy and climate policy on air quality are thought
to be particularly large in rapidly growing developing
countries,9 where air pollution provides a powerful rationale
for policy intervention. For China, Li et al.10 simulated
substantial air quality and health beneﬁts from a CO2 price
required to implement a 3−5% annualized reduction in CO2
intensity. He et al.11 estimated a 12−32% decline in ambient
air pollution and >$100 billion in health beneﬁts from a
nationwide energy eﬃciency program in China.
Separately, a large literature focuses exclusively on the eﬀects
of energy policies after they have gone into eﬀect (i.e., ex post).
Among those that capture multiple impacts, Millstein et al.12
evaluated climate, air quality and health beneﬁts of U.S. solar
and wind energy development, reporting cumulative air quality
beneﬁts of $29.7−$112.8 billion. Hernandez-Cortes and
Meng13 examined the impacts of California’s carbon market
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observed data and is calibrated using the estimated behaviors
of the untreated ﬁrms derived from our ex post analysis. We
then calculate changes in atmospheric PM2.5 using an
atmospheric chemical transport model (GEOS-Chem) and
estimate resulting mortalities. We compare changes in PM2.5
and mortalities evaluated ex ante and ex post, and use this
comparison to identify what model structures and assumptions
adopted in the ex ante analysis cause projections to diverge
from what may be observed ex post.
2.1. Ex Post Analysis of Firm Energy Use and
Emissions Responses. We adopt a diﬀerence-in-diﬀerence
(DID) approach to estimate how each policy aﬀects ﬁrm
behavior in terms of energy use (coal use as well as coal
intensity, deﬁned as coal use indexed to economic output) and
pollutant emissions (SO2 emissions as well as SO2 intensity,
deﬁned as SO2 emissions indexed to economic output). This
estimation reveals divergence in the post-policy energy use and
emitting behavior of the treated ﬁrms compared to the
untreated ﬁrms, subject to assumptions discussed below. We
examine robustness of our results by employing two wellestablished strategies for improving comparability of treatment
and control groupsentropy balancing and propensity score
matching (PSM)on sets of observable ﬁrm-level variables.
We assemble a ﬁrm-level data set for cement and iron and
steel manufacturing ﬁrms in China that includes economic
output, energy use, and pollution performance from 2005 to
2008. We merge two data sets: the Annual Industrial Survey
(AIS) data and the Environmental Statistics Database (ESD).
The AIS data provides detailed ﬁrm identifying information
(ﬁrm name, address, age, ownership), and major economic
variables, including stock variables (assets, debts, capital
structure) and ﬂow variables (output, value-added, proﬁts,
employment, wages, taxes, and subsidies). ESD data includes
detailed information regarding ﬁrms’ coal, oil, and natural gas
consumption, as well as emissions and removals of SO2, NOx,
dust, and soot, for a large set of high-emitting ﬁrms in China.
We focus on ﬁrms’ coal use and SO2 emissions due to the
better data quality available for these two variables (oil and gas
use are also very small compared to coal use for these two
sectors). Our ﬁnal sample consists of 1332 ﬁrms in the cement
industry and 368 ﬁrms in the iron and steel industry (6800
plant-year observations in total). Descriptions of the data
preparation and summary statistics are provided in the SI.
We use DID regressions with ﬁxed eﬀects to estimate the
average treatment eﬀects of the energy intensity policy and the
SO2 policy on energy and pollution outcomes. DID regressions
are widely used to estimate policy eﬀects in panel data analysis
(see Greenstone and Hanna, 201415 for example as an
application in the ﬁeld of environmental economics).
Conditioned on the time-varying confounders and ﬁxed
eﬀects, DID estimates the change in outcome variables before
and after a policy for both the treatment and the control group,
and interprets the diﬀerences between the two groups as the
eﬀect of the policy. The main identifying assumption for the
DID analysis is that in the absence of policy, changes in
outcome variables (coal use, SO2 emissions etc.) would not
have been systematically diﬀerent for treated ﬁrms and
untreated ﬁrms. We estimate the following equation:

on SO2, NOx, PM10, and PM2.5 emissions from stationary
facilities in the electricity and industrial sectors, estimating a
30% decrease in the "environmental justice gap" (the pollution
exposure gap between disadvantaged and other communities)
of PM2.5 after the introduction of the carbon market since
2013. Severnini14 estimated the impacts of policy decisions to
shut down two nuclear power plants in the Tennessee Valley in
the U.S. on regional power generation, air quality and infant
health in 1980s, reporting an increase in air pollutant
concentration and a decline in average birth weight by 134 g
(5.4 log points) due to increased generation and emissions
from coal power plants.
Ex post estimates are rarely compared to ex ante projections,
despite the fact that doing so could improve the data inputs
and methods used in ex ante analysis. Here, we examine the
origins of diﬀerences between ex ante and ex post estimates of
policy impacts in a speciﬁc case of two environmentally
motivated energy policies using ﬁrm-level data from China. We
then use this comparison to suggest improvements for ex ante
approaches. We focus on two major energy-intensive industrial
sectorscement, and iron and steelwhich were subject to
new policies regulating energy intensity and SO2 pollutant
emissions during China’s Eleventh Five-Year Plan (FYP11)
(2006−2010). (We do not focus on the electric power sector
because it was targeted by additional policies to promote the
installation of scrubbers for SO2, including diﬀerentiated
electricity pricing as well as policies requiring the phase out
of small and ineﬃcient plants, confounding the eﬀects of the
two policies.) The ﬁrst policy, the Top 1000 Enterprises
Energy Saving Program (energy intensity policy), targeted
energy intensity (deﬁned as energy use indexed to economic
output). Targets that were consistent with a national-level
energy intensity reduction target of approximately 20% were
assigned to 1008 of the largest energy-consuming ﬁrms in
China in nine industries, including the two examined here. The
second, the National Emissions Monitoring Program for Key
Polluting Sources (SO2 policy), mandated pollutant emissions
monitoring at large emitting facilities to support achievement
of the nationwide SO2 emissions reduction target of 10%
below 2005 levels by 2010. We ﬁrst show ex post estimates of
the energy savings and emissions reductions achieved by both
policies using an empirical approach. We then estimate the ex
post impacts of the energy intensity policy on air quality and
health with empirical estimates of ﬁrm-level emissions changes.
We compare the ex post estimates of the energy intensity
policy impacts with those projected by a representative ex ante
modeling exercise, and ﬁnd substantial diﬀerences. We
illustrate how baseline selection and ﬁrm response heterogeneity contribute to these diﬀerences, and use this analysis to
make recommendations for improving ex ante policy design
and evaluation.

2. MATERIALS AND METHODS
We conduct an ex post analysis to estimate the impacts of the
energy intensity policy and SO2 policy on ﬁrm-level energy use
and SO2 emissions using panel regressions that control for
time-invariant ﬁrm characteristics (ﬁxed eﬀects) and timevarying observable characteristics. We then focus on the energy
intensity policy and explore the drivers of divergence between
the ex ante and ex post estimates of policy eﬀects on emissions,
air quality, and mortality. Our ex ante modeling exercise
calculates expected changes in energy use and SO2 emissions
using a standard ex ante approach. Our ex post scenario uses

yit = β1 + β2ωit τit + Xit β3 + ηt + θi + εit

(1)

where yit refers to logged values of outcome variables such as
coal consumption, coal intensity, SO 2 emissions, SO 2
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Table 1. Assumptions for Energy Intensity and Emissions Factor in Emissions Scenarios
scenario
ex ante
ex post
ex ante sensitivity
ex post sensitivity

case
counterfactual
policy case
counterfactual
policy case
counterfactual
policy case
counterfactual
policy case

baseline
baseline
baseline
baseline

energy intensity

emissions factor

2% annual reduction from 2005 level
policy target
scaled by average changes of the control group
2008 level
2005 level
policy target
2005 level
2008 level

exponential decay from 2005 level (sector average)
exponential decay from 2005 level (sector average)
scaled by average changes of the control group
2008 level
sector average for 2005
sector average for 2005
2005 level
2008 level

policy case consists of SO2 emissions at the ﬁrm level in 2008
for treated ﬁrms (observed data for ex post and projections for
ex ante). A counterfactual baseline estimates what the SO2
emissions would have been in 2008 for treated ﬁrms in the
absence of the policies. Policy eﬀects are quantiﬁed as the
diﬀerence between the policy case and the counterfactual
baseline. For each case, we calculate the ﬁrm-level emissions in
2008 as the product of economic output, energy intensity and
SO2 emissions factor. We use the observed economic output
(ﬁrm-level gross output in 2008) in all cases for consistency.
Assumptions for energy intensity and emissions factors in the
four diﬀerent emissions scenarios are summarized in Table 1.
In the emissions scenarios, we include all ﬁrms subject to the
energy intensity policy, regardless of whether they were also
subject to SO2 policy.
2.2.1. Ex Ante Scenario Design. In our ex ante scenario, we
project policy eﬀects assuming compliance with the policy
target for energy intensity, and make typical assumptions
consistent with previous analyses about how energy intensity
evolves in the counterfactual (e.g., ref 10). The energy
intensity for ﬁrms in the policy case is projected to be
consistent with the provincial energy intensity target imposed
by the central government during the FYP11 period (see ref 17
for details). For example, Beijing was required to reduce its
energy intensity by 20% by the end of FYP11. To fulﬁll this
target, all ﬁrms had to reduce energy intensity by 4.4% annually
and by 12.5% at the end of 2008. Therefore, for the policy case
in the ex ante scenario, all ﬁrms in Beijing are assumed to
reduce their energy intensity by 12.5% by the end of 2008
(relative to the 2005 level). We compare the policy case with a
counterfactual baseline constructed by estimating energy
intensity and emissions factors from historical trends,
consistent with methods used in previous literature. We
assume an annual energy intensity decline of 2% and an
exponential decay in emissions factors, independent of the
energy intensity policy, following Webster et al.18 The
simpliﬁed historical trend in Webster et al. has previously
been used to model energy intensity and emissions factor
changes when assessing the impacts of climate policy on air
pollution,10 but is only one possible approach to model the
counterfactual case in ex ante analysis. Another common
assumption of prior ex ante analyses is that the energy intensity
and emissions factors remain constant in the counterfactual
baselines; we test this approach in two sensitivity scenarios.
2.2.2. Ex Post Scenario Design. We construct the ex post
scenario based on results from the ex post analysis described
above (Section 2.1). For the ex post scenario, the policy case
consists of observed energy intensity and SO2 emissions factors
after policy implementation. The counterfactual baseline
consists of energy consumption and SO2 emissions calculated
from the energy intensity and SO2 emissions intensity of ﬁrms

emissions intensity, SO2 emissions factor, SO2 removal rate,
and gross output. τit is equal to 1 if a policy is in place, and zero
otherwise. ωit is equal to 1 if a ﬁrm is subject to a policy, and
zero otherwise. The coeﬃcient β2 on the interaction term for
each policy, ωitτit, can be interpreted as the average policy
eﬀect on the treated ﬁrms, under the identifying assumption
stated above. Xit represents a vector of observed timedependent ﬁrm-speciﬁc characteristics, including economic
gross output, number of employees, and coal price (at the
provincial level). We include year ﬁxed eﬀects ηt to account for
national shocks that are common to all ﬁrms in a given year.
We also include ﬁrm ﬁxed eﬀects θi to account for unobserved
time-independent, ﬁrm-speciﬁc characteristics. εit is the error
term.
In our sample, the treated ﬁrms are diﬀerent from the
untreated ﬁrms along many observable dimensions: the
treatment group has larger ﬁrm sizes, higher emissions and
energy consumption, and a higher share of state-owned ﬁrms.
This raises the concern that the trend in outcome variables
prior to the policy might diﬀer between the treatment and
control groups, which could lead to a bias of the estimated
policy eﬀects using DID. We use entropy balancing to improve
the comparability of the treatment and control groups, by
matching on ﬁrm-level observables prior to implementation of
the policy. Entropy balancing is a widely used preprocessing
strategy in observational studies to balance on the covariates by
weighting the units in the control group to satisfy a set of
balancing constraints.16 We use entropy balancing to reweight
observations so that the ﬁrst order moments of the covariates−
gross output, ownership, region, number of employees, coal
intensity, and SO2 emissions factor−match in the treatment
and control groups. We also use propensity score matching
(PSM) as an alternative strategy to adjust for the diﬀerences
between treatment and control groups. PSM matches ﬁrms in
the treatment group to comparable ﬁrms with similar
propensity scores (the estimated probability to be treated) in
the control group. The results are consistent in direction across
the two diﬀerent empirical approaches, although we present
the entropy balancing results in the main text as it allows us to
use information contained in the entire sample (i.e., ﬁrm
observations are reweighted rather than dropped). Details of
the matching algorithm are reported in the SI.
2.2. Scenario Analysis to Compare Estimated Energy,
Air Quality, and Health Impacts of the Energy Intensity
Policy Using Ex Ante and Ex Post Approaches. We
explore the drivers of divergence between policy eﬀects of the
energy intensity policy estimated using the ex ante and ex post
approaches by designing four emissions scenarios (ex ante
scenario, ex post scenario, and two additional sensitivity
scenarios). For each scenario, we calculate the ﬁrm-level SO2
emissions for a policy case and a counterfactual baseline. A
15586
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Figure 1. Coeﬃcients on policy eﬀects (interaction terms) in the diﬀerence-in-diﬀerence regressions in the original (blue) and entropy-balanced
(orange) samples (95% conﬁdence intervals of coeﬃcient estimates are shown in the ﬁgures).

Global Modeling and Assimilation Oﬃce (GMAO) (http://
www.geos-chem.org/). The simulation of PM2.5 in GEOSChem represents an external mixture of secondary inorganic
aerosols, carbonaceous aerosols, sea salt, and dust aerosols
coupled with gas-phase chemistry.19
We use GEOS-Chem version 11−01 with a horizontal
resolution of 0.5°× 0.667° in East Asia.20 We evaluate the
model with available measurements of PM2.5 and its
component species from 2004 to 2006 over East Asia. We
conduct a one-year simulation from January 2005 to December
2005 for each case, with a six-month spin-up. We reduce the
HNO3 concentration used as an input for thermodynamic gas
and particle partitioning by 25% at each time step to avoid the
overproduction of nitrate, following Heald et al.21 To account
for potential numerical noise, we consider PM2.5 changes
<0.005 μg/m3 equal to zero. Further discussion and model
evaluation are presented in the Supporting Information (SI).
For each emissions scenario, we construct gridded emissions
that incorporate the ﬁrm-level emissions changes in our
sample. We derive SO2 emissions in 2005 from the Regional
Emission inventory in ASia (REAS).22 We assume that the
studied ﬁrms’ SO2 emissions in 2005 are well-represented in
the REAS inventory; we thus add only the change in SO2
emissions (from 2005 to 2008) to project the SO2 emissions in
2008 for each simulation. The emissions of other species
remain unchanged at their 2005 level based on the REAS
inventory or MIX inventory (an Asian anthropogenic
emissions inventory that incorporates diﬀerent local emissions
inventories)23 for all cases (NOx, CO, BC, and OC from
REAS; NH3 and VOCs (volatile organic compounds) from
MIX).
2.4. Health Impacts. We calculate avoided premature
deaths associated with PM2.5 changes using the 2010 Global
Burden of Disease (GBD) concentration−response relationships.24 Premature mortality due to ﬁve disease categories,
including acute lower respiratory illness (ALRI), chronic
obstructive pulmonary disease (COPD), stroke, ischemic heart
disease (IHD), and lung cancer (LC) attributed to ambient
PM2.5 of diﬀerent scenarios, is estimated from

in the control group (subject to no policy). We assume that the
treated ﬁrms behave like the average ﬁrms in the control group
in the absence of policies. For example, by the end of 2008,
iron and steel ﬁrms in the control group reduced their SO2
emissions intensity by 38.9% relative to 2005 on average
(controlling for other covariates). Thus, we assume that iron
and steel ﬁrms in the treatment group would have reduced
their SO2 emissions intensity by 38.9% relative to the 2005
level as well in the absence of the policies. The results here do
not attempt to attribute real-world eﬀects of energy intensity
policy alone, which we analyzed in our ex post analysis above;
the “pure” eﬀects of the energy intensity policy on air quality
are expected to be smaller because most ﬁrms subject to energy
intensity policy were also subject to the SO2 policy. Rather, our
ex post scenario is intended to simulate what might be
measured in the real world and compared to the ex ante
scenario.
2.2.3. Sensitivity Scenarios Design. Our ex ante sensitivity
and ex post sensitivity scenarios are intended to further
understand how ﬁrm-level heterogeneity and counterfactual
baselines inﬂuence estimates of the eﬀect of the energy
intensity policy on energy saving, emissions, and air quality.
We conduct the following three comparisons:
(1) comparing ex ante with ex ante sensitivity: reveals the
impact of choosing diﬀerent counterfactual baselines on
ex ante estimates of the policy eﬀects (calibrated using a
historical trend vs constant baseline).
(2) comparing ex post with ex post sensitivity: reveals the
impact of choosing diﬀerent counterfactual baselines on
ex post estimates of the policy eﬀects (constructed using
control group vs constant baseline).
(3) comparing ex ante sensitivity with ex post sensitivity:
reveals the impact of ﬁrm-level heterogeneity in policy
responses and preexisting production technology on
estimates of the policy eﬀects.
2.3. GEOS-Chem. We use GEOS-Chem to simulate the
concentration of PM2.5 under diﬀerent emissions scenarios.
GEOS-Chem is a global three-dimensional chemical transport
model driven by assimilated meteorological data from the
Goddard Earth Observation System (GEOS-5) of the NASA
15587
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Figure 2. Impacts of the energy intensity policy on air quality (a,b) and human health (c,d) under ex ante and ex post scenarios. (a) and (c) show
changes in PM2.5 and associated mortalities, respectively, calculated ex ante, and (b) and (d) are calculated ex post. Air quality impacts are
characterized as changes in annual average surface PM2.5 concentration under policy relative to a counterfactual baseline (Unit: μg/m3).

targets, which were calculated relative to a counterfactual
baseline assuming constant energy intensity.26 We estimate the
eﬀects of energy intensity policy by comparing ﬁrm-level
outcomes before (2005) and after (2006−2008) the policy was
introduced, relative to the control group. Coeﬃcients on policy
eﬀect terms are shown graphically in Figure 1a,b, while full
regression tables are provided in SI Tables S9 and S10. On
average, we ﬁnd that the energy intensity policy had a very
limited impact on ﬁrms’ energy intensity, the direct target of
the policy. In our full sample, ﬁrms subject to the energy
intensity policy reduced coal intensity less than untreated
ﬁrmsby 12.0% in cement (p < 0.01), and by 4.7% in iron
and steel (not statistically signiﬁcant). (All policy impacts are
estimated and reported in log points.) In our entropy-balanced
sample, coal intensity of the treated ﬁrms decreased 17.4% less
compared to untreated ﬁrms in cement (p < 0.05), but 10.2%
more in iron and steel compared to untreated ﬁrms (not
statistically signiﬁcant).
The limited eﬀectiveness of the energy intensity policy is
accompanied by minimal reductions, and in some cases
increases, in SO2 emissions, by treated relative to untreated
ﬁrms. In our full sample, treated ﬁrms reduced their SO2
emissions intensity less than untreated ﬁrmsby 14.1% in
cement (p < 0.05), and by 12.0% in iron and steel (not
statistically signiﬁcant). In our entropy-balanced sample,
treated ﬁrms reduced their SO2 emissions intensity by 18.9%
less than untreated ﬁrms in the cement industry (p < 0.1), and
by 6.8% less in iron and steel (not statistically signiﬁcant). We
also ﬁnd that cement ﬁrms in the energy intensity policy group
reduced their SO2 removal rate by 2.8% (p < 0.1). However,
there is substantial heterogeneity among ﬁrm responses, with
large increases and decreases found for some ﬁrms. On
average, however, our ex post results suggest the policy had no

Δmortality = y0 × pop × (1 − 1/RR)

where y0 is the baseline mortality of each disease in China, pop
is either the population of children less than 5 years old
(ALRI) or adults greater than 30 years old (COPD, IHD, LC,
and stroke) in 2005, and RR is the relative risk for each disease
calculated from the concentration−response function from
GBD. Underlying data sources are detailed in the SI. We also
provide an additional estimate of the health impacts based on a
diﬀerent concentration−response function following Cao et
al.25 in the SI.

3. RESULTS
We report three main ﬁndings. First, from our ex post analysis,
the energy intensity policy had on average very limited to no
eﬀect on the coal use of treated ﬁrms relative to nontreated
ﬁrms, and thus a minimal eﬀect on SO2 emissions. Second, also
from our ex post analysis, the SO2 policy resulted in statistically
signiﬁcant absolute reductions in SO2 emissions and cuts in
direct coal use. Third, by comparing the policy eﬀects
estimated under ex ante and ex post scenarios, we show the
ex ante estimates of beneﬁts from the energy intensity policy
for PM2.5 and mortalities diﬀer in both sign and magnitude
from what might be observed ex post. Shortcomings in the ex
ante method have two origins. First, ex ante counterfactual
baseline assumptions diverge from the pattern exhibited by the
control (no policy) group in the ex post analysis: empirically,
ﬁrms not subject to policy reduced their energy and emissions
intensity more than expected. Second, ex ante projections
failed to capture spatial variation driven by heterogeneity in
ﬁrm-level policy responses.
3.1. Ex Post Impact of the Energy Intensity Policy on
Energy and SO2. By the energy intensity policy’s 2010
deadline, 98% of the ﬁrms reported achieving energy reduction
15588
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Table 2. Eﬀects of the Energy Intensity Policy under Diﬀerent Scenariosa
ex
ex
ex
ex

ante
post
ante sensitivity
post sensitivity

coal use reduction (million tons)

SO2 reduction (1000 tons)

population-weighted PM2.5 change (μg/m3)

avoided mortality (mortalities)

14.2 (10.6%)
−30.4 (−22.5%)
26.9 (19.9%)
46.2 (34.2%)

84.6 (9.7%)
36.7 (4.2%)
175 (20.0%)
621 (71.3%)

−0.034
−0.010
−0.069
−0.232

406 [282, 531]
23 [-5, 50]
830 [575, 1085]
2646 [1886, 3406]

Note: Percentages inside parentheses are calculated relative to the total coal consumption or SO2 emissions of the treated ﬁrms in 2005. This table
also shows the 95% conﬁdence interval of avoided mortality under diﬀerent scenarios due to the uncertainty of health impacts analysis.
a

statistically signiﬁcant net eﬀect on ﬁrm-level SO2 emissions or
coal use.
3.2. Ex Post Impact of the SO2 Policy on Energy and
SO2. The SO2 policy during FYP11 focused on enforcing
implementation of sectoral limits on plant-level SO2 emissions,
to meet an overall national SO2 reduction target of 10%.
Nationwide, SO2 emissions reportedly fell by 14% during
FYP11, largely due to declines in power sector emissions
(23%), while SO2 emissions decreased by only 5% in the
cement industry and increased by 24% in the iron and steel
industry.27,28 Success in exceeding the national 10% reduction
target has been attributed to more stringent enforcement,
heightened political pressure on provincial and local leaders,
enhanced legal accountability, as well as a high adoption rate of
ﬂue gas desulfurization (FGD) in the power sector.29
We estimate the eﬀects of SO2 policy by comparing ﬁrm
performance before (2005−2006) and after (2007−2008) the
policy was implemented. In the cement industry, ﬁrms subject
to SO2 policy achieved signiﬁcant absolute reductions in SO2
emissions (22.7%, p < 0.01) after 2006. SO2 reductions were
associated with reductions in coal use (6.4%, p < 0.05) and
coal intensity (7.3%, p < 0.05). In the iron and steel industry,
treated ﬁrms showed no statistically signiﬁcant reduction in
SO2 emissions (19.5%, not statistically signiﬁcant), but
reduced coal use (39.4%, p < 0.05) and coal intensity
(39.8%, p < 0.05), relative to untreated ﬁrms. We also ﬁnd that
cement ﬁrms in the SO2 policy group reduced emissions
factors on average by 16.3% (p < 0.01). The results are similar
in our entropy-balanced and PSM samples, although the
statistical signiﬁcance changes for some coeﬃcients (for the
estimates using entropy-balanced and PSM samples, see SI
Table S9 and S10). Our results do not change with the
inclusion of diﬀerent covariates, such as the coal price and ﬁrm
employment, nor do they change with the way we specify
trends over time (our base speciﬁcation uses year ﬁxed eﬀects).
3.3. Evaluation of Ex Ante Estimated PM2.5 and
Mortalities. We calculate the estimated eﬀects of the energy
intensity policy on air quality and mortality using the ex ante
approach, and compare these estimates with the simulations
that are calibrated with the results of our ex post analysis.
Figure 2 illustrates the spatial distribution of changes in PM2.5
and associated mortalities due to the energy intensity policy
under the ex ante and ex post scenarios. Due to the small
number of treated ﬁrms, the magnitudes of changes are modest
relative to the high average annual levels of PM2.5 in China. In
contrast to most ex ante analysis of energy intensity (or
similar) policies in China, in the ex post scenario we ﬁnd
almost zero improvement in mean nationwide PM 2.5
concentration due to the policy (unweighted mean −0.001
μg/m3), with areas of both positive and negative improvements. The negative eﬀect on air quality is due to the superior
performance of the untreated ﬁrms, which results in air
pollution in the baseline that is lower than its levels under

policy. The signs, magnitudes, and spatial patterns of observed
eﬀects are diﬀerent in the ex post scenario compared to the ex
ante scenario. Table 2 summarizes the total coal use
reductions, SO2 emissions reductions, population-weighted
PM2.5 change and avoided mortality under diﬀerent scenarios.
The population-weighted PM2.5 concentration change is
−0.010 μg/m3 in the ex post scenario and −0.034 μg/m3 in
the ex ante scenario. Estimated avoided mortalities are 94%
fewer in the ex post scenario (23 mortalities) relative to the ex
ante scenario (406 mortalities). Mortality uncertainties,
including calculations using alternate concentration−response
functions, are provided in the SI. The spatial distribution of
changes reﬂects the impact of ﬁrm-level heterogeneity on
estimated policy impacts.
Our two sensitivity simulations test the inﬂuence of ﬁrmlevel heterogeneity and the inﬂuence of counterfactual
baselines. Accounting for ﬁrm-level heterogeneity increases
estimated beneﬁts by 72% for total coal use reductions and by
a factor of 2.6 for total SO2 emissions reductions (comparing
the ex post sensitivity scenario with the ex ante sensitivity
scenario). This is because a few treated ﬁrms (usually more
polluting before the policy) reduced their coal use and SO2
emissions beyond the policy targets. We estimate how the
impacts of energy intensity policy diﬀer by ﬁrm characteristics
using a triple-diﬀerence model (adding interactions between
ﬁrm characteristics with the policy terms in DID). We ﬁnd
heterogeneous policy eﬀects (although not statistically
signiﬁcant) on ﬁrms of diﬀerent sizes, ownership status, energy
intensity, and emissions factors prior to the policy (reported in
SI). Our sensitivity results also highlight how adopting
baselines that assume constant energy intensity, widely used
in justifying policy, can provide signiﬁcantly larger estimates of
beneﬁts on emissions reductions and air quality improvement,
relative to the calibrated baselines. Adopting a baseline that
assumes constant energy intensity and emissions factors
increases the estimated SO2 emissions reductions by a factor
of 16.9 when calculated ex post (comparing ex post with ex
post sensitivity), and by 107% when calculated ex ante
(comparing ex ante with ex ante sensitivity).

4. DISCUSSION
Our ﬁndings reveal substantial diﬀerences in the distribution
and magnitude of policy eﬀects resulting from the ex ante
projection and ex post evaluation approaches. Diﬀerences in ex
ante and ex post approaches underscore the importance of
scrutinizing the assumptions and level of aggregation used in ex
ante projections, and the need to modify standard assumptions
to reﬂect empirically informed baselines and ﬁrm heterogeneity. Below we summarize ﬁndings for our ex post analysis
and our evaluation of ex ante approaches for calculating policy
eﬀects. We use these ﬁndings to discuss how to improve ex
ante projections.
15589

https://dx.doi.org/10.1021/acs.est.0c01381
Environ. Sci. Technol. 2020, 54, 15584−15593

Environmental Science & Technology

pubs.acs.org/est

Policy Analysis

and sales. Coal prices have increased dramatically during the
period studied, which could have induced all ﬁrms to save
energy. Our results suggest that standard assumptions, for
instance, that the energy intensity and emissions factors of the
untreated ﬁrms remain constant or only experience modest
improvements, are not validated by empirical data, and could
lead to misleading conclusions regarding policy eﬀects.
Heterogeneity in ﬁrm-level responses leads to localized air
quality and human health impacts that are not captured by ex
ante projections. Several factors may have contributed to the
heterogeneous policy eﬀects at ﬁrm level. First, diﬀerent ﬁrms
may have diﬀerent abilities, awareness, and incentives to reap
energy intensity reductions. The policy seems to have induced
larger ﬁrms to reduce their energy use and emissions more; for
these ﬁrms, policy pressure may have induced them to seek
information or resources to assist in undertaking energy-saving
retroﬁts that were only workable at suﬃcient scale. Second,
ﬁrms can vary in their production technology and preexisting
end-of-pipe pollution control, which determines the extent to
which policy can reduce air pollutant emissions by targeting
energy use. We ﬁnd that the policy seems to have induced
larger reductions in SO2 emissions and emissions intensity
from ﬁrms with higher energy intensity (prior to the policy) in
the cement industry. Higher energy intensity prior to the
policy might indicate these ﬁrms had not adopted the more
advanced production technology and therefore had greater
potential to improve on energy intensity and emissions. Finally,
the implementation of the energy intensity policies might have
varied across provinces; the coverage and design of the
provincial energy saving program (which is also included in
our analysis) also varies.
Our analysis has some limitations, including data availability
and quality. With data for more years prior to the policy, we
could evaluate whether or not treated and untreated ﬁrms
exhibited parallel prepolicy trends on observable characteristics, which would allow us strengthen our claim that the
samples are comparable. With data for more sectors, we could
also evaluate whether the gap between measured and projected
policy beneﬁts holds beyond iron and steel and cement. While
our scenario analysis has focused on characterizing eﬀects on
air quality, it would nevertheless be of interest to compare
candidate explanations for the lack of a statistical diﬀerence in
the observed behavior of the treated and untreated ﬁrms in
response to the energy intensity policy. There are also
challenges in ensuring the accuracy of energy and SO2
emissions measurement at the ﬁrm level in China, which
could be addressed in future studies with data from China’s
emerging energy and emissions data system.

While most previous ex ante analyses project large air quality
improvements associated with energy intensity reduction
policies, the energy intensity policy examined retrospectively
here did not on average reduce the energy use or associated
SO2 emissions of policy-treated ﬁrms, relative to untreated
ﬁrms. There are several potential reasons for this. The policy
may have generated insuﬃcient incentives for some treated
ﬁrms. State-owned policy-treated ﬁrms may have had
subsidized access to capital and energy, relative to untreated
ﬁrms.30 In contrast, untreated ﬁrms lacking subsidies would
have been directly exposed to rising coal prices, increasing
conservation pressure. On the other hand, treated ﬁrms are
relatively well established and experience smaller increases in
output, relative to other (mostly younger) rapidly growing
ﬁrms not included under the policy. Younger ﬁrms may have
been more able, aware, and incentivized to reap energy
intensity reductions associated with scaling up. It is also
possible that the policy indirectly impacted the control ﬁrms
through spillovers, for instance, if it reduced the cost or
hastened the diﬀusion of energy saving technologies or
practices. In incorporating ex post logic into ex ante
approaches, it is important to examine the underlying reasons
for potential divergences, which can inform the types of factors
to consider when constructing baselines for as-yet-untested
policies.
In contrast with the ineﬀective energy intensity policy, the
SO2 policy, which supported an absolute reduction target, was
more eﬀective in reducing not only SO2 emissions but also
energy use. The ability of a policy targeting SO2 emissions to
deliver energy and CO2 reductions depends on the origin of
SO2 emissions in production processes, which can diﬀer widely
across industries. Observed reductions of coal use are not
directly proportional to the SO2 abatement undertaken in
either industry. The SO2 policy largely induced the cement
ﬁrms to adopt new production technologies (precalciner kilns),
which lowered both coal intensity and their SO2 emissions
factors,31 translating into less than proportional reductions in
coal use. In the iron and steel industry, however, we observe
the opposite pattern: the SO2 policy caused coal use to fall
proportionately more than SO2 emissions, because ﬁrms
focused on reducing energy-related SO2 while leaving SO2
emissions associated with nonenergy sources (e.g., the
sintering process) largely untouched. Our results thus
emphasize the importance of policy design and associated ex
ante analysis that captures technological detail in achieving
beneﬁts for both energy use and air quality. They also
underscore the importance of accounting for multiple (energy
and nonenergy related) emissions sources within sectors when
projecting the eﬀects of energy and pollution policies.
Adopting a constant (or heuristically calibrated) baseline in
the ex ante approach overestimates policy beneﬁts. Comparing
the ﬁrm-level outcomes before and after policies, the median
ﬁrm in the control group signiﬁcantly reduced its coal intensity
(by 20% in cement and 15% in iron and steel sector) and SO2
emissions (by 25% in cement and 23% in iron and steel). The
energy eﬃciency improvements among untreated ﬁrms are
likely due to the expansion of both sectors in China during that
period. Energy intensity is directly correlated with the size of
the ﬁrms (see SI Figures S7 and S8 for the relationship in our
sample ﬁrms). Demand for iron and steel and cement was
growing during FYP11, and thus all ﬁrms regardless of policy
treatment may have achieved energy intensity reductions
simply by spreading energy costs over increasing production

5. IMPLICATIONS FOR POLICY DESIGN AND
EVALUATION
Our results show that comparing ex post and ex ante estimates
can inform more eﬀective policy design. Analysis for other
sectors and contexts could further improve methods for ex ante
estimation of the eﬀects of policies. Our results also suggest
ways in which energy and climate policies might be enhanced
to better achieve air quality improvements.
Improved ex ante methods should focus when possible on
specifying empirically calibrated baselines, and on incorporating detail that diﬀerentiates energy requirements and emissions
sources in production processes. Our results show that
accounting for heterogeneity and alternate baselines can
dramatically alter estimates of the eﬀect of policies on multiple
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among policy makers of unintended interactive eﬀects and
ultimately forming a sound basis for sustainability policy
decisions.

objectives. In a rapidly growing developing country such as
China, the eﬀect of this baseline-related adjustment can
overwhelm the eﬀect of ﬁrm-level heterogeneity. Nevertheless,
both baseline choice and heterogeneity exert important eﬀects
on the estimated magnitude of the policy eﬀects, and
underlying assumptions should be clearly stated in comparisons. Second, analysts should pay attention to how the full set
of energy and emissions factors may change when policies are
applied. In the cement industry, we observe that the energybased emissions factors decreased together with energy
intensity, as targeted eﬀorts to phase out polluting production
methods simultaneously raised process eﬃciency. Finally,
disaggregating and appropriately assigning emissions and
energy use to speciﬁc production processes is important,
especially for sectors such as iron and steel where a large share
of SO2 emissions are not associated with energy use. The
importance of unit-level heterogeneity revealed by our analysis
suggests that attempts to evaluate the diﬀerential impacts of
policy using ex ante methods, for example to examine
environmental justice and equity outcomes across diﬀerent
populations, should be approached with particular caution.
Beyond improving representation of baselines and heterogeneity in ex ante projections, ex post analysis further reveals
how poorly coordinated policy incentives can undermine the
extent to which energy policies addresses multiple policy
objectives. In the setting examined retrospectively here, the
energy intensity policy alone carried unintended consequences,
in that it delivered negative estimated health beneﬁts due to an
increase in nontargeted pollution emissions in some regions. If
a ﬁrm was only constrained by the energy intensity policy but
not the SO2 policy, one low-cost strategy for reducing energy
intensity may have involved limiting use of energy intensive
processes, including the operation of pollution control
equipment, which would further erode air quality beneﬁts.
Firms may also have shifted to less expensive high sulfur coal
(with little eﬀect on energy intensity target achievement), since
the national average coal price rose dramatically in 2008 (by
27.7%).
Our ﬁndings suggest lessons for the design of energy and
climate policies that simultaneously aim to achieve air
pollution reductions. In the Chinese setting, targeting absolute
reductions in air pollution was (surprisingly) a promising
approach to address climate change for some sectors, while
intensity-based approaches that target fossil energy or CO2
emissions did not deliver air quality improvement. A major
reason for this is that energy intensity policy targets a relative
measure. Rate of energy demand growth must be lower than
the rate of economic growth for energy useand associated
emissionsto fall in absolute terms. This is unlikely in a
rapidly industrializing country. Adopting intensity-based
targets may also allow ﬁrms to seek alternative pathways to
meet the policy targets without undertaking additional
abatement eﬀort, which reduces eﬀectiveness of policy and
increases the complexity of tracking ﬁrm behavior. Pollution
policy, in contrast, often targets absolute emissions reductions
relative to current (highly polluting) levels, even in the face of
economic growth; this is often achieved through technological
improvements and investments in emissions abatement
technology. Thus, in the presence of pollution policies, any
eﬀects of energy intensity policies on air quality are likely to be
swamped by the direct eﬀect of the pollution policy. Further
characterization of these patterns ex post will be essential to
improving the realism of ex ante projections, raising awareness
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