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Abstract

This thesis consists of three chapters that investigate environmental policy
questions from an empirical point of view. Chapter 1 examines the trust-
worthiness of official air pollution data sources for Beijing when compared
to similar data from the US Embassy in Beijing. Using a statistical regular-
ity, I find that the official data likely suffered from misreporting until the
end of 2012. From 2013 onwards, however, misreporting appears to have
stopped. Chapter 2 evaluates China’s main air pollution control policy to
study the effects of environmental regulation when institutions are weak. I
find that the policy was ultimately successful in reducing air pollution, but
that those effects only set in once the Chinese government started appropri-
ate air pollution monitoring. Moreover, I quantify the efficiency of different
policy instruments to control air pollution in China and find that - in con-
trast to the United States - a market-based solution and a technology man-
date for scrubbers are nearly identical. Finally, Chapter 3 studies whether
nudges can help consumers align intention and action when choosing their
electricity contract. Using a survey experiment, we find that only a default
nudge had a statistically and economically significant effect on consumers’
decision to contract renewable energy.
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Resum

Aquesta tesi consisteix en tres estudis que investiguen problemes relacio-
nats amb la politica de medi ambient des d’un punt de vista empiric. El
capitol 1 examina fins a quin punt son fiables les dades sobre la contami-
nacié de l'aire a Beijing quan es comparen amb dades semblants de 'am-
baixada dels EUA. Mitjancant I'is d'una regularitat estadistica, proporciono
evidencia que les dades oficials segurament van ser manipulades fins a fi-
nals del 2012. A partir del 2013, pero, les dades semblen indicar que es va
posar fi a aquesta manipulacié. El capitol 2 avalua la politica xinesa més
important duta a terme per frenar la contaminacio de I’aire i pretén estudi-
ar els efectes de la regulacié del medi ambient en un context d’institucions
febles. Demostro que aquesta politica va aconseguir reduir la contamina-
cid, pero tan sols després que el govern xines implementés el monitoreig
adequat. A més, quantifico I'eficiencia de diferents instruments politics des-
tinats a controlar la contaminacié de l'aire a la Xina. Els resultats indiquen
que - en contrast amb els EUA - practicament no hi ha diferéncies entre un
instrument de mercat i I'is prescriptiu de depuradores de gas. Finalment,
el capitol 3 analitza si el fet d’introduir canvis en la informacié pot ajudar
els consumidors a seguir les seves intencions a ’hora de triar un contracte
d’electricitat. A través d’un experiment en forma d’enquesta es demostra
que només una preseleccio té un efecte significatiu en els sentits estadistic i
economic sobre la presa de decisié dels consumidors a ’hora de contractar
energia renovable.

viii



Preface

The main theme of this thesis is air pollution control in China. Economic
growth in China has soared after Deng Xiaoping initiated China’s economic
reforms in 1978, And as has always been the case since the Industrial Rev-
olution, an increase in economic activity has gone hand in hand with an in-
crease in energy consumption (Greenstone, 2016). This relationship holds
true for all industrialized economies around the globe; there is no excep-
tion. In China, energy consumption has meant the consumption of coal.
Coal that was often of a low quality, burned in dated furnaces, and subject
to little oversight meant rampant air pollution. As a result, air pollution
levels in China in recent decades are comparable to London at the height
of the Industrial Revolution.

This situation has started to change recently. In 2003, hydroengineer
President Hu and geologist Prime Minister Wen assumed office. The ’scien-
tific development’ paradigm, which emphasized environmental protection
alongside economic growth, started to substitute for economic growth. At
the same time, increased living standards in the Eastern provinces and the
availability of smartphones meant that the population started to pay atten-
tion to the problem of air pollution. Initially, politicians responded by mis-
reporting improvements in air pollution, often declaring foggy days as Blue
Sky Days. At the same time, however, the central government in Beijing
started to realize the gravity of China’s pollution problems. China’s policy
priorities are set out in Five-Year Plans, and the 11th Five-Year Plan (2006-
2010) was the first to include a total emissions control target that had
high-level political backing. This thesis analyzes the transition in China’s
environmental governance for the topic of air pollution.

Chapter 1, Statistical corruption in Beijing’s air quality data has likely
ended in 2012, which I published in Atmospheric Environment in 2016, is
my point of departure. In this Chapter, I assess the trustworthiness of the
official air quality data in Beijing. Previous research had found that the
official air quality data of the Beijing Municipal Environmental Protection
Bureau often featured bunching around the politically important Blue Sky
Day threshold: an excess of values just below the threshold and a lack
of values just beyond it suggested misreporting for political reasons (An-
drews, 2008a). The official response by the authorities was, however, that
they could predict air pollution dynamics and control emergency responses
with such accuracy as to explain the observed pattern (Cyranoski, 2009).
Chapter 1 tests this claim by comparing the official data to air quality data
measured by the US Embassy. The data are similar, but not identical, and I
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use a statistical regularity typically used in forensic economics that enables
me to compare patterns in both datasets. I find that until 2012, the official
data appears to be misreported. After an update to air quality standards at
the end of 2012, however, misreporting of the official data appears to have
stopped.

Chapter 2, Compliance, Efficiency, and Instrument Choice: Evidence from
Air Pollution Control in China, forms the main body of this thesis. I evaluate
China’s main air pollution control policy to inform a wider question that is
of interest not only to environmental economics, but to development eco-
nomics more generally: how does regulation work when the institutional
setting is weak? China is the ideal setting to answer this question, for a
number of reasons. Firstly, when China passed its total emissions control
target in the 11th Five-Year Plan in 2005, it lacked appropriate monitoring
of SO; pollution. A Ministry of Environmental Protection did not exist, and
SO, pollution monitoring relied on aggregate coal use statistics that were
collected by the same provincial governments that were subject to the air
pollution control targets. Halfway through the compliance period, this sit-
uation changed drastically when China installed continuous SO, emissions
monitoring for the main polluters at the prefecture-level and created the
Ministry of Environmental Protection in 2008, which was vested with the
political power to collect pollution data without political interference. Sec-
ondly, NASA launched a satellite in late 2004 just before the start of the
policy which provides an independent measure for SO, pollution in China.
The satellite data allow me to study the effect of the air pollution control
target on both reported and actual pollution. I find that ultimately the pol-
lution control targets work, but only after the Chinese government started
to appropriately monitor SO, pollution.

In the second part of Chapter 2, I quantify the efficiency of the com-
mand and control regulation by constructing a market-based benchmark
allocation of reduction targets across provinces. This benchmark allocation
is based on detailed SO, marginal abatement cost curves for each province
in China. I find that despite the initial lack of environmental governance,
China’s air pollution control targets were surprisingly efficient. Compared
to a market-based benchmark, I find an efficiency loss of just below 50%,
which is at the lower end of what we know from more developed countries.
Furthermore, I use the marginal abatement cost curves to compare the SO,
control experience of China to the US. Surprisingly, I find that nearly all of
the efficiency gains from trade of a market-based policy instrument could
have been reaped by a technology mandate on scrubbers. In the US, the
opposite is true.



Chapter 3, From intention to action: Can nudges help consumers to choose
renewable energy?, co-authored with Katharina Momsen of Mannheim Uni-
versity, which we published in Energy Policy in 2014, closes the thesis. In
this Chapter, we investigate the consumer side of electricity markets in
shifting towards renewable energy. Specifically, we ask whether nudges
- simple changes in the information structure when making a decision -
can help electricity consumers align their intentions with their actions and
choose the renewable energy contracts that consumers state they prefer.
Using an original survey experiment, we test 9 different nudges from the
behavioural economics literature. We find that only a default nudge has
an effect on consumer choice whereas all other nudges are ineffective in
our setting. A default nudge increases the share of individuals who choose
renewable energy by 44.6% compared to the control group.
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Chapter 1

Statistical corruption in Beijing’s
air quality data has likely ended
in 2012

Abstract

This research documents changes in likely misreporting in official air qual-
ity data from Beijing for the years 2008 to 2013. It is shown that, consis-
tent with prior research, the official Chinese data report suspiciously few
observations that exceed the politically important Blue Sky Day threshold,
a particular air pollution level used to evaluate local officials, and an excess
of observations just below that threshold. Similar data, measured by the
US Embassy in Beijing, do not show this irregularity. To document likely
misreporting, this analysis proposes a new way of comparing air quality
data via Benford’s Law, a statistical regularity known to fit air pollution
data. Using this method to compare the official data to the US Embassy
data for the first time, I find that the Chinese data fit Benford’s Law poorly
until a change in air quality measurements at the end of 2012. From 2013
onwards, the Chinese data fit Benford’s Law closely. The US Embassy data,
by contrast, exhibit no variation over time in the fit with Benford’s Law,
implying that the underlying pollution processes remain unchanged. These
findings suggest that misreporting of air quality data for Beijing has likely
ended in 2012.



1.1 Introduction

Ambient air pollution is the cause of a major health crisis in current-day
China. Pollution from ambient particulate matter is the fourth most impor-
tant health burden in China (Yang et al., 2013), and coal heating alone has
been attributed to causing a loss of 5 life years (Chen, Ebenstein, et al.,
2013). At the same time, political stakes are high: "Fix air pollution or
‘bring your head’!" was the unequivocal message that Beijing’s mayor re-
ceived from the central government earlier this year (Chen, 2014). To ad-
dress public pressure, the Beijing Municipal Environmental Protection Bu-
reau (BMEPB) regularly publishes statistics on the city’s air quality. These
data, however, have not gained public trust as they often stand in stark
contrast to measurements reported by the US Embassy in Beijing (Gram-
maticas, 2011; Le Monde, 2013; Wong, 2013).

And the public might have a point: the 'leaders make numbers’ phe-
nomenon has a tradition in China (Liu and Yang, 2009). Air quality data in
China have been found to be suspicious in several cities until 2010 based
on both a discontinuity test (Chen, Jin, et al., 2012; Ghanem and Zhang,
2014), and on a detailed analysis of histograms and the location of mea-
surement stations for Beijing until 2007 (Andrews, 2008a). These studies
suggest that misreporting is prevalent around the politically important Blue
Sky Day threshold, possibly due to the strict enforcement of promotion cri-
teria (Wang, 2013; Zheng and Kahn, 2013). The Blue Sky Day label desig-
nates days with an air quality index (AQI) of 100 or less, and the number
of Blue Sky Days enters the performance assessment of local officials. The
central government has, for instance, used the number of Blue Sky Days to
create a national ranking of air quality in Chinese cities (Andrews, 2008b),
and as one of the indicators for a city to qualify as a national environmen-
tal protection model city (Chen, Jin, et al., 2012). The number of Blue
Sky Days in Beijing has also been widely reported by the media due to its
salience. By reporting a higher number of Blue Sky Days, local officials can
therefore improve their chances for a positive evaluation, while at the same
time appeasing the public.

The present research adds to the literature by employing a systematic
approach to identifying misreporting that goes beyond the analysis of a
discontinuity. This improves on the literature in two aspects: Firstly, my
method allows to compare the similar, but slightly different US Embassy
data to the BMEPB data for the first time and thus distinguish misreporting
from temporary measures such as factory closures on borderline Blue Sky
Days. Secondly, I can detect changes in misreporting over time. My contri-
bution additionally lies in a novel application of Benford’s Law to compare
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two similar sets of air quality data to detect misreporting. While Benford’s
Law is known to fit air pollution in general, it is ex ante difficult to know
whether it will fit a particular sample. In my application, I use a control
dataset to establish whether Benford’s Law fits the particular distribution
of air pollution data. Given that the air quality datasets are sufficiently
comparable, Benford’s Law can then be used to test whether the suspicious
dataset conforms to Benford’s Law. This application of Benford’s Law is
particularly useful to detect likely misreporting even when air quality data
come from different sources that are not comparable in levels. Further-
more, the method is easily scalable and extends naturally to other settings
where two slightly different, yet comparable datasets measure air pollu-
tion. The increased availability of aerosol optical density (AOD) data, for
example from satellite imagery, offers such settings. To illustrate this use, I
show that my analysis holds also when using AOD data rather than the US
Embassy data as the control dataset.

1.2 Data

This research uses a new database of Beijing ambient air quality data that
was collected and merged from three different sources (see Appendix A for
the data sources). The first source is the BMEPB. The BMEPB has been
reporting daily air quality measurements from 31st December 2007 until
18th March 2013. The second source comes from the measurements that
the Embassy of the United States in Beijing provide via their Twitter ac-
count. These data report hourly and run from 8th April 2008 3pm to 31st
December 2013 11pm, with a missing period from 6th November 2008 to
7th February 2009. The third source is the AERONET measurement sta-
tion in Beijing, who report aerosol optical density (AOD) measurements
from 26th March 2008 to 31st December 2013, with several measurements
during different times of each day.

While following the same calculation procedure, the AQIs of the BMEPB
and the US Embassy aggregate different pollutants and use slightly differ-
ent break points to convert pollutant concentrations into AQI values (see
Appendix B for the full definitions). The following paragraphs explain the
exact composition of both datasets and provide evidence to show that both
data sources are comparable because they reflect the same underlying pol-
lution processes.

The BMPEB measures three pollutants until 30th December 2012 (PM;y,
NO3, SO,) and, following a change in its AQI, six pollutants from 31st De-
cember 2012 onwards (PMs. 5, PM1g, NO2, SO2, O3, CO). The US Embassy,
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by contrast, measures only PMj 5 throughout. While the differing defini-
tions might suggest that the datasets might not be sufficiently comparable
due to the possibility of the BMEPB measurements being based on pollu-
tants other than particulate matter, in practice this concern is muted by the
clear prevalence of particulate matter-driven observations in the BMEPB
data. The BMEPB data report the main pollutant for all observations with
an AQI exceeding 50, and, as shown in Appendix 1.B, the AQI of a given
observation is only determined by the concentration of the main pollutant
on that day, that is by the pollutant concentration defined as most harmful
to human health compared to the other pollutant concentrations measured
on the same day.

Using the information on the main pollutant, I extract the share of par-
ticulate matter-driven observations as 96.93% for the full BMEPB sample,
and as 98.03% until 30th December 2012 and as 78.72% thereafter (see
Appendix 1.C: Fig. 1.C.1). Note that the true share of particulate matter-
driven observations after 30th December 2012 is likely higher than 78.72%
as 10.85% of the observations fail to specify a main pollutant and it is rea-
sonable to suppose that the main pollutant would have been PMs 5 or PMig
for part of the observations. The clear majority of the BMEPB observations
are thus based on AQIs set by particulate matter!.

A remaining concern is that the BMEPB measures only PM;( until 30th
December 2012, whereas the US Embassy measures PMs 5. The analysis un-
til 30th December 2012 therefore presupposes a high correlation between
PM;o and PM; 5 in Beijing. A sharp discontinuity in the pollution processes,
for instance, would appear in both the BMEPB and the US Embassy data
only if this correlation were high.

Several pieces of evidence exist to show that this correlation is, in fact,
very high. Firstly, I use the information on the main pollutant for observa-
tions with an AQI beyond 50 to convert the BMEPB data into concentra-
tions of PM1¢ and PM> 5, and then correlating these concentrations to the
US Embassy’s PM» 5 concentrations for those US Embassy observations that
would have yielded an AQI beyond 50 using the BMEPB’s AQI definition to
ensure comparability. This exercise shows a high correlation between both
the inferred BMEPB PM;( concentrations and the US Embassy PMs s con-
centrations (correlation coefficient: 0.71) and the inferred BMEPB PM; s
concentrations and the US Embassy PM, 5 concentrations (correlation co-
efficient: 0.91).

L As a robustness check, Appendix 1.C further shows that the findings drawn from the
BMEPB data are unaffected when dropping all observations that report a main pollutant
other than PM; s or PMyy.



Secondly, recent research on ambient air quality in Beijing finds simi-
larly high correlations between 0.69 and 0.85 between the BMEPB PM;
concentrations and the US Embassy PM2.5 concentrations for a 423 day
period between 10 May 2010 and 6 December 2011, which is part of my
earlier subsample (Wang, Hu, et al., 2013). Such a high correlation is not
specific to Beijing and borne out by research from other parts of the world
(for Mumbai, India, see Kumar and Joseph, 2006; for Milan, Italy, see Mar-
cazzan et al., 2001).

Overall, this evidence suggests that both data sources move very closely
together, and thus reflect the same underlying pollution processes. In terms
of data quality, the US Embassy data is less likely to be influenced by the
Blue Sky Day threshold than the BMEPB data because the number of Blue
Sky Days in Beijing does not enter the evaluation of US officials. Addition-
ally, I use aerosol optical density (AOD) measurements by the AERONET
measurement station in Beijing as a third data source to ensure that the
conclusions regarding the true shape of the distribution of air quality in
Beijing are not driven by the possibility of the US Embassy to also misre-
port, and to demonstrate that my method of analysis extends to AOD data.
Due to their high accuracy, a typical use AERONET AOD data is verification
of satellite-based AOD data (Li, Carlson, and Lacis, 2015; Xue et al., 2014).
Interpolated AOD at 550nm correlates well with US Embassy data (64.1%),
while the correlation with the BMEPB data is reasonable, but significantly
weaker (34.8%).

1.3 Methods

To make the BMEPB and the US Embassy data comparable and find a di-
rect indication for misreporting, this research compares the goodness-of-fit
of both the BMEPB and the US Embassy data to a statistical regularity called
Benford’s Law. Benford’s Law is a distribution that closely characterizes the
distribution of the first significant digit in many naturally occurring large
data sets (Benford, 1938). According to Benford’s Law, the frequency for
the first non-zero digit is approximately governed by the following distri-
bution:

1
Frequency(i) = logio(1 + =) where i=1,2,...,9. (1.1)
i

The goodness-of-fit with Benford’s Law as an indication for fraudu-
lent data has been used both in economics (Abrantes-Metz, Villas-Boas,
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and Judge, 2011; Michalski and Stoltz, 2013; Varian, 1972) and, less fre-
quently, for ambient air quality data (Brown, 2005; De Marchi and Hamil-
ton, 2006; Dumas and Devine, 2000). While Benford’s Law is known to fit
air quality data in general?, it is ex ante difficult to know whether it will
fit a particular sample. This analysis therefore uses Benford’s Law in a new
way: First, graphical evidence on the fit between Benford’s Law and rele-
vant subsamples of the datasets is shown to give an indication of whether
misreporting occurs in the BMEPB’s data and whether it has changed over
time. The datasets from the US Embassy and AERONET are then used as a
control dataset to verify that air quality data for Beijing fit Benford’s Law.
Second, the analysis computes a goodness-of-fit measure between the pre-
dicted frequency and the empirical frequency for both data sources and
plots this measure over time.

The goodness-of-fit measure is the y? statistic, which is an appropriate
statistical measure for comparing data with discrete categories to a pre-
dicted distribution (Siegel, 1956)3. In the case of Benford’s Law, there are
9 discrete categories corresponding to the digits 1 to 9. The y? statistic is
defined as:

9 2
F Ob di— F B d;
2= Z( requencyObserved; — FrequencyBen ford;) 1.2)
i=1

FrequencyBen ford;

1.4 Results

1.4.1 An anomaly in the official air pollution data

First, I investigate whether the raw data contain suggestive evidence for
manipulation of the official air quality data as a result of incentives. The
histograms of the Beijing air quality data from the BMEPB show a striking
anomaly: there are disproportionally many observations just at and below
the politically important Blue Sky Day threshold of 100, and surprisingly
few values just above 100 (Fig. 1.1, a). Next, the sample period is split

2See Appendix 1.F for an illustration of the fit of Benford’s Law with a generic air
pollution dataset.

30ther measures commonly used to track goodness-of-fit with Benford’s Law include
the Kolmogorov-Smirnov statistic, the Kuiper statistic, the d (distance) statistic and the
statistic m (max) (Morrow, 2014). The conclusions drawn from Figures 5 and 6 are robust
to using any of these goodness-of-fit measure because of their high correlation with the y?
statistic in both samples: Kolmogorov-Smirnov: 0.94 (BMEPB data), 0.90 (US Embassy
data); Kuiper: 0.96 (BMEPB), 0.90 (US Embassy); d (distance): 0.93 (BMEPB), 0.90 (US
Embassy); m (max): 0.73 (BMEPB), 0.89 (US Embassy).
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Figure 1.1 Histogram of air pollution levels (BMEPB data). Histograms of the
BMEPB data. (a) full sample, (b) earlier subsample, (c) later subsample. AQI
values of 100 and less constitute Blue Sky Days.

A US Embassy Data B US Embassy Data

US Embassy Data
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Figure 1.2 Histogram of air pollution levels (US Embassy data). Histograms of the
US Embassy data. (a) full sample, (b) earlier subsample, (c) later subsample.

on 31st December 2012, the date on which the BMEPB started to include
measurements of PMys. Strikingly, the missing values above 100 come
entirely from the earlier subsample (Fig. 1.1, b). The later subsample does
not show this pattern (Fig. 1.1, c).

While misreporting seems to be a likely explanation, and was so inter-
preted by (Andrews, 2008a) who found the same anomaly until 2007, it
is not the only one. Instead, Beijing officials defended themselves by at-
tributing this anomaly to emergency measures such as temporary factory
closures on borderline Blue Sky Days (Cyranoski, 2009).

If emergency measures rather than misreporting explained the missing
values in the BMEBP data, however, the US Embassy data should exhibit
the same anomaly. The histograms for the US Embassy data show that this
is not the case, neither for the full sample (Fig. 1.2, a) nor for the different
subsamples (Fig. 1.2, b and c). An analysis of the AERONET AOD data
confirms these results (Fig. 1.3). This evidence suggests that misreporting
by the BMEPB was prevalent until 2012 and then stopped.
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AERONET Data B AERONET Data C AERONET Data
Full Sample (26th March 2008 to 31st December 2013); N=34007 Earlier Subsample (26th March 2008 to 30th December 2012); N=27771 Later Subsample (31st December 2012 to 31st December 2013); N=6236
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Figure 1.3 Histogram of aerosol optical density (AERONET data). Histograms of
the AERONET ground-based AOD data. (a) full sample, (b) earlier subsample,
(c) later subsample. A small fraction of AERONET observations beyond 2 are not
shown to allow for more detailed representation of observations in the relevant
range.

1.4.2 Comparing the BMEPB and the US Embassy data

Yet, an important caveat is that the BMEPB and the US Embassy data are
not comparable in levels due to the late inclusion of PM; 5 measurements
in the BMEBP data and to the use of slightly different breakpoints (see
Appendix 1.B)*. Benford’s Law is therefore used to make both data sources
comparable and find a direct indication for misreporting. As can be seen,
the BMEPB data match Benford’s Law poorly for the full sample (Fig. 1.4,
a), suggesting misreporting. This misreporting seems to happen exclusively
in the earlier subsample (Fig. 1.4, b). In the later subsample (Fig. 1.4, c),
by contrast, the BMEPB data match Benford’s Law closely. Misreporting
is therefore the likely margin of action. To verify that this improvement
in goodness-of-fit is not due to a change in the underlying processes that
generate the air pollution, Figure 1.5 shows that the fit of the US Embassy
data is good and unchanged throughout all periods. Figure 1.6, shows
that the fit of the AERONET AOD data with Benford’s Law is good and
unchanged through all periods. The AERONET AOD data thus give the
same conclusions as the US Embassy data, suggesting that the conclusions
are not driven by a bias in the US Embassy data.

Likely misreporting over time. To ensure that the improvements in the
goodness-of-fit with Benford’s Law for the BMEPB data reflect a general
trend rather than being an artifact of the date at which I split the sample,
the analysis computes the goodness-of-fit over time. Figure 1.7 shows that
the goodness-of-fit between the BMEPB data and Benford’s Law markedly

4The different breakpoints in the AQI used by the US Embassy also explain the hump-
shaped distribution of the US Embassy’s histogram (Fig. 1.2, a-c). Appendix 1.D provides
further illustration of this point and shows the close comparability of Fig. 1.1c and Fig.
1.2c when using the same breakpoints.
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Figure 1.4 Observed frequencies and Benford’s Law (BMEPB data). Observed fre-
quencies for the first significant digits (grey bars) against the frequencies predicted
by Benford’s Law (black connected dots) for the BMEPB data. (a) full sample, (b)
earlier subsample, (c) later subsample.

A US Embassy Data B US Embassy Data ( US Embassy Data
Full Sample (8h Apr 2008 o 315 Dcmber2013)N=44665 EaorSubsampl (3 Apr 2008 o 30 December 2012) N-36005 Lot Subsampl (31 Docamber 2012 0315 Docombor 2013) N=G66D
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Figure 1.5 Observed frequencies and Benford’s Law (US Embassy data). Observed
frequencies for the first significant digits (grey bars) against the frequencies pre-
dicted by Benford’s Law (black connected dots) for the US Embassy data. (a) full
sample, (b) earlier subsample, (c) later subsample.

improved after the BMEPB started measuring PMys on 31st December
2012. To check that the underlying pollution processes remain the same,
Figure 1.8 shows that the goodness-of-fit for the US Embassy data has not
changed. The reason for the improved goodness-of-fit for the BMEPB data

A AERONET Data B AERONET Data C AERONET Data
Full pl March 2008 to 31st December Earlier 2008 to 30th December 1= Later Subsample (31st December 2012 to 31st December 2013) N=6365

Froquency (%)

N iE
T

1 2

5 6 7 8 [
Digits.

Figure 1.6 Observed frequencies and Benford’s Law (AERONET data). Observed
frequencies for the first significant digits (grey bars) against the frequencies pre-
dicted by Benford’s Law (black connected dots) for the AERONET ground-based
AOD data. (a) full sample, (b) earlier subsample, (c) later subsample.
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Figure 1.7 Goodness-of-fit with Benford’s Law over time (BMEPB data). y? statistic
comparing the BMEPB data to Benford’s Law. Computed over moving 60 day
windows. The vertical black line marks the earliest time window during which the
BMEPB started measuring PM 2.5 (from 31st December 2012 onwards).

must therefore lie in the Chinese measurements.

In summary, my findings suggest that emergency air control measures
are unlikely to explain the anomaly in the BMEPB data, and that the BMEPB
likely engaged in misreporting from 2008 to 2012. From 2013 onwards,
however, misreporting appears to have stopped. At the same time, my
analysis illustrates the usefulness of applying Benford’s Law to detect mis-
reporting in settings with independent measurements of air pollution.
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Figure 1.8 Goodness-of-fit with Benford’s Law over time (US Embassy data).
x?statistic comparing the US Embassy data to Benford’s Law. Computed over mov-
ing 60 day windows. The vertical black line marks the earliest time window during
which the BMEPB started measuring PM 2.5 (from 31st December 2012 onwards).
The US Embassy did not report data between 6th November 2008 and 7th Febru-
ary 2009.

1.5 Discussion

The above results raise two questions. Firstly, is it possible that the air
pollution control efforts taken during the Olympic Games 2008 might con-
found the results? The Olympics lasted from 8-24 August 2008, and emis-
sion control measures started on 20 July 2008 (Zhang et al., 2012). Sub-
sequent evaluation based on both the official air pollution data and aerosol
optimal depth from satellite imagery has shown that these control measures
improved the average air pollution in the area of Beijing (Chen, Jin, et al.,
2013). Traffic restrictions likely contributed to these improvements (Wang,
Westerdahl, et al., 2009), but so did favourable meteorological conditions
in greater Beijing during the time of the Olympic Games (Simonich, 2009;
Tang et al., 2009; Wang, Primbs, et al., 2009; Yao et al., 2009; Zhang et al.,
2012). The improvements in air quality lasted until about one year after
the Olympic Games (Chen, Jin, et al., 2013).

The time period of the Olympic Games 2008 and the associated im-
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provements in air quality is part of my earlier subsample. In this subsam-
ple, I find likely misreporting in the BMPEB data. Given that my measure of
misreporting is the scarcity of observations at the Blue Sky Day threshold
and the excess of values just below it as well as the goodness of fit with
Benford’s Law, a change in the mean air pollution, as documented in the
literature above, does not affect misreporting.

The Olympic Games 2008 drew attention to the problem of air pollu-
tion, however, possibly leading to a change in misreporting that is inde-
pendent of the actual improvements. Appendix 1.E shows that misreport-
ing indeed improved for a short period in the immediate aftermath of the
Olympics, only to return to its previous levels from 2009 onwards. Regard-
ing the results of my analysis, the presence of the Olympics in my earlier
subsample would go against me finding misreporting in the earlier timepe-
riod, however®.

Secondly, given the disappearance of the anomaly in the reported air
pollution measurements in the official data for Beijing at the end of 2012,
a natural question to ask is what caused this change. To narrow down the
reasons for the change, it is important to understand whether this change is
Beijing-specific or instead reflects a China-wide trend. To explore this ques-
tion, I use air pollution data on two major Chinese cities that exhibit a Blue
Sky Day anomaly similar to Beijing, but for whom the US Embassy does
not measure air pollution. These cities are Anshan, in Liaoning Province,
and Jining, Shandong Province. As shown in Figure 1.E.1 in Appendix 1.E,
the mass of observations just below the cutoff is considerably smaller for
both the comparison group and Beijing during most of the period of anal-
ysis (excepting the aftermath of the Olympic Games 2008). Misreporting
seems to stop in Beijing at the end of the sample, however, while continu-
ing in the two comparison cities. This indicates that the underlying reason
for the likely end of misreporting in the BMEPB data is not the result of a
China-wide trend.

Beijing differs in two crucial aspects. Firstly, the presence of the US
Embassy has created pressure on misreporting throughout my sample pe-
riod. Secondly, Beijing was amongst the first cities to be selected for trial of
the new air pollution regulation HJ633-2012 at the end of 2012, when the
change in misreporting occurred. While this regulation does not contain
provisions related to the Blue Sky Day threshold, HJ633-012 introduced
PMj> 5 into the list of pollutants to be measured, thus requiring the installa-

SThis consideration notwithstanding, Appendix 1.E also repeats the analysis in Figures
1.1 and 1.3 for the BMEPB data for the earlier subsample excluding the data from the start
of the control measures for the Olympic Games 2008 (20 July 2008) until one year after
their end (24 August 2009). The results are unchanged.
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tion and calibration of new technology. It is plausible to presume that the
process of setting up the new system might have led to increased inspec-
tions by the upper hierarchy. A press release from the Ministry of Environ-
mental Protection dated 31st December 2012 confirms this, quoting MEP
Chief Engineer Wan as specifically stressing quality control in the air qual-
ity monitoring as part of the implementation, and announcing intensified
supervision and checks as part as the next step following the introduction
of HJ633-2012 (Ministry of Environmental Protection of the People’s Re-
public of China, 2012). A situation of increased attention from the political
hierarchy at the end of 2012, coupled with the presence of the US Em-
bassy’s measurements from 2008 onwards, might thus have led to the end
of statistical corruption in Beijing’s air quality data at the end of 2012.

One important caveat regarding these results is in order. The analysis
relies on two pieces of evidence: a sharp discontinuity in the histograms
of the raw data, and the goodness-of-fit with Benford’s Law. Both pieces of
evidence can detect a relabeling of AQI values from just beyond the Blue
Sky Day cutoff to just below it. More sophisticated methods of misreport-
ing, however, such as shifts in the entire distribution of AQI values, would
go undetected. While this limitation is important in theory, in practice this
is less so: previous studies that detected misreporting of air quality data in
Beijing until 2007 (Andrews, 2008a) and other cities in China until 2010
(Chen, Jin, et al., 2012; Ghanem and Zhang, 2014) found misreporting to
consist of the relabeling practice that the analysis can track. The method-
ology used in this study is thus accurate in closely following known misre-
porting over time. To establish that all possible kinds of misreporting have
stopped, however, would require further analysis.

1.6 Concluding Remarks

Political pressure to fix air pollution can result in "statistical corruption":
government authorities respond by misreporting the desired data. This re-
search makes use of the unique setting in Beijing, where air quality is inde-
pendently measured by both the Chinese authorities and the US Embassy.
Using a novel way of assessing statistical misreporting via Benford’s Law
that makes both data sources comparable for the first time, this analysis
suggests that the authorities in Beijing likely manipulated air quality from
2008 to 2012. My results thus suggest that the anomalies found in (An-
drews, 2008a; Chen, Jin, et al., 2012; Ghanem and Zhang, 2014) are un-
likely to be explained by emergency control measures as claimed by Beijing
officials (Cyranoski, 2009) but instead are likely to show true misreport-
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ing. My results furthermore show that misreporting of air pollution data in
Beijing extended well beyond 2010 despite the recent increase in attention
towards environmental policy making in China. From 2013 onwards, how-
ever, this has changed: despite ongoing suspicion regarding the quality of
Chinese air pollution data (Ghanem and Zhang, 2014), the ’leaders make
numbers’ phenomenon seems to have been overcome.

Environmental governance in China is currently at a crossroads. Pro-
posals have called for policies to decouple economic activity from pollution
(Xiao, Mujumdar, and Che, 2015), to improve health outcomes by reduc-
ing pollution (Hughes, 2012), and to realize the co-benefits of reducing
air pollution for climate change mitigation (Schmale et al., 2014). At the
same time, research has shown that ambient air pollution in China is sig-
nificantly impacted by government action and the structure of political in-
centives (Almond et al., 2009; Jia, 2014), thus highlighting the role for
policy. Whichever strategies China may decide to implement, reliable air
quality data are needed for successful implementation and evaluation. The
findings of the present research are thus a reason for optimism: unlike only
a few years ago, statistics on atmospheric pollutants now seem to allow for
evidence-based environmental policy making in China.
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Appendix

1.A Data Sources

BMEPB web interface: http://www.bjepb.gov.cn/air2008/Airl.aspx. The
historical dataset could not be downloaded directly; instead, a webscraping
algorithm was used. This web interface stopped reporting in March 2013.

US Embassy web interface: http://www.stateair.net. In conformity with
the US Department of State’s data use statement, I note that the US Em-
bassy data used in this study are not fully verified or validated and are
released with the sole purpose of providing health information to US cit-
izens who are travelling abroad. I furthermore give attribution to the US
Department of State for providing the data.

AERONET (Aerosol Robotic Network) data interface for Beijing:
http://aeronet.gsfc.nasa.gov. AERONET is a network of ground-based re-
mote sensing aerosol measurement sites. The downloaded data are aerosol
optical density (AOD) measurements for the Beijing site that is hosted
by the Institute of Atmospheric Physics (PIs: Hongbin Chen and Philippe
Goloub) for the time period from 26th March 2008 to 31st December 2013,
with several measurements during different times of each day. For this
study, I use the quality assured data (Level 2.0), which have a pre- and
post-field calibration applied, are automatically cloud cleared, and manu-
ally inspected (Holben et al., 2006; Smirnov et al., 2000). There are no
AOD measurements for around 20% of the days in this time period, with
the missing days spaced equally across years. The reason for the missing
values is twofold: these correspond to days during which the AOD mea-
surements had to be discarded due to imprecise measurements, or to days
with excessive cloud coverage®. Both reasons explain roughly half of the
missing values each. The AERONET data for Beijing contain AOD measure-

®Personal communication from PI Hongbin Chen of the AERONET Beijing site.
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ments for the wavelengths 440nm and 675nm. I interpolate the data for
AOD of a wavelength of 550nm, the wavelength that is typically used in the
literature (Cesnulyte et al., 2014), using the Angstrém exponent, provided
by AERONET, by rearranging formula (2) from (Eck et al., 1999):

550 _,
T550 = T440(m) , (1.3)

where « is the Angstrém exponent, and 71 is the AOD at wavelength 17.

In(350

7 ; — T4 _ 550y _ Ts550 ;
To see this, rearrange « = () to —aln(335) ln(wo), which equals
550

exp{—aln(%)} = %, which in turn equals 7440 {exp(In(335)}(~a) = 7550 because e®b =
(em)".
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1.B Definitions of the Air Quality Indices (AQIs)
used by the Beijing Municipal Environmen-
tal Protection Bureau and the US Embassy

The AQI is an index that is used to inform the population about the health
effects of different air pollutants. The AQIs used by the BMEPB and the US
Embassy are calculated according to the same two-step procedure.

In the first step, the concentration of each pollutant is converted into an
individual air quality index value (IAQI) via the following formula:

IAQIHigh - IAQILOW
BPHigh — BProy

IAQI, = (Cp = BProw) + [AQIL (1.4)
where C, is the measured concentration of pollutant p, BPy; is the
breakpoint that is higher than or equal to C, while BPy,,, is the breakpoint
that is lower than or equal to C,. IAQIy;y, and IAQI,,, are the AQI scores
that correspond to the BPy;y, and BPy,,, according to the following tables:

Table 1.B.1 Breakpoints for Different Pollutants Before 31st December 2012

BMEPB! USEmbassy'!
AQI' SOy NO; PMio PM3 s
0 0 0 0 0

50 50 80 50 15.5

100 150 120 150 40.5

150 v v v 65.5

200 800 280 350 150.5

300 1600 565 420 250.5

400 2100 750 500 350.5

500 2620 940 600 500

Note. All breakpoints are for concentrations over a 24 hour period (in
,ug/m?’). i: GB 3095-1996, SEPA Announcement [2000] No. 1 (Amend-
ment to GB 3095-1996). ii: EPA-454/B-12-001. iii: The official name for
the air quality index used by the BMEPB was "Air Pollution Index" until
the 31st of December 2012. To avoid confusion, the name "Air Quality
Index" is used throughout this article. iv: The BMEPB does not employ a
separate breakpoint for an AQI of 150 before 31st December 2012.
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Table 1.B.2 Breakpoints for Different Pollutants From 31st December 2012 On-
wards

BMEPB! USEmbassy'!
AQI' | SOy NOy Cco 03 PMyy PMss PMy 5
0 0 0 0 0 0 0 0

50 50 40 2 100 50 35 15.5

100 150 80 4 160 150 75 40.5

150 475 180 14 215 250 115 65.5

200 800 280 24 265 350 150 150.5

300 1600 565 36 800 420 250 250.5

400 2100 750 48 il 500 350 350.5

500 2620 940 60 iii 600 500 500

Note. All breakpoints are for concentrations over a 24 hour period (in
ng/m3); excepting CO (measured in mg/m®) and Oz (measured over an 8
hour period). i: HJ 633-2012. ii: EPA-454/B-12-001. iii: O3 concentra-
tions beyond 800 pg/m® per 8 hour period do not have a corresponding
air quality index.

In the second step, the individual air quality index scores are aggregated
by picking the highest amongst the IAQI values. The AQI therefore reflects
the pollutant with the highest IAQI.

AQI = max TAQI 1.5
© P€{502,N02,CO,03,PMlO,PMZ'S}{ Qlp} (1.5)

An example to illustrate the above definition. Assume hypothetically that
the US Embassy measured a concentration of PM2.5 of 34ug/m> over a 24
hour period. Then, the corresponding AQI would be

100 - 50

IAQIpp, s =
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1.C Robustness check: Analysis after dropping
BMEPB observations from non-particulate
matter AQls

To guard against concerns that the reported findings might be influenced
by the minority of BMEPB observations from days for which particulate
matter was not the main pollutant, Figures 1.1 and 1.3 are redrawn after
excluding observations that are identified as based on neither PM;o nor
PMj 5 as the main pollutant on a given day.

A BMEPB Data B BMEPB Data C BMEPB Data
Full Sample (1st January 2008 to 18th March 2013) Earlier Subsample (1st January 2008 to 30th December 2012) Later Subsample (31st December 2012 to 18th March 2013)

Figure 1.C.1 Pollutant composition of the BMEPB dataset. Share of main pollutants
for all observations with an AQI beyond 50. (a) full sample, (b) earlier subsample,
(c) later subsample.

Figure 1.C.1 shows the share of each pollutant in the BMEPB data based
on the main pollutant reported for observations with an AQI exceeding 50
for the full sample and the two subsamples. PM10 and PM2.5 drive 96.96%
of observations for the full sample, 98.03% of the observations for the ear-
lier subsample, and 78.72% of the observations in the later subsample.

Excluding these observations is a conservative approach because it is
likely that some of the AQI observations that fail to specify a pollutant
are in fact based on PMy 5 or PMpo. Furthermore, dropping the observa-
tions identified as based on neither PM;y nor PM, 5 rather than replacing
them with their nearest neighbouring observation based on PMs 5 or PMi
is likely to decrease the chance of finding a close goodness-of-fit with Ben-
ford’s Law as the greater part of these observations come from the lower
end of the AQI distribution rather than the distribution as a whole.

As can be seen from Figures 1.C.2 and 1.C.3, the conclusions from anal-
ysis are not driven by the minority of observations identified as not from
particulate matter. As in the main analysis, the anomaly of missing values
at the Blue Sky Day threshold is present in the full sample (Fig. 1.C.2, a),
comes entirely from the earlier subsample (Fig. 1.C.2, b) and vanishes in
the later subsample (Fig. 1.C.2, c).

21



BMEPB Data
Full Sample (1st January 2008 to 18th March 2013); N=50491

0 100

200 300 400 500
Air Quality Index (Chinese)

Density

BMEPB Data
Earlier Subsample (1t January 2008 to 30th December 2012); N=4829¢
015

o125
o1
o075
o0s

0025

[ —
0 100 200 300 400 500
Air Quality Index (Chinese)

BMEPB Data

Later Subsample (31st December 2012 to 18th March 2013); N=2195
015

0125

ol u._I,

0 100 200 300 400 500
Air Quality Index (Chinese)

Figure 1.C.2 Histogram of air pollution levels (Restricted BMEPB data). Histograms
of the BMEPB data after dropping observations identified as neither from PM10

nor PM2.5. (a) full sample, (b) earlier subsample, (c) later subsample. AQI values
of 100 and less constitute Blue Sky Days.
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Figure 1.C.3 Observed frequencies and Benford’s Law (Restricted BMEPB data). Ob-
served frequencies for the first significant digits (grey bars) against the frequen-
cies predicted by Benford’s Law (black connected dots) for the BMEPB data after
dropping observations identified as neither from PM10 nor from PM2.5. (a) full
sample, (b) earlier subsample, (c) later subsample.
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1.D Robustness check: Figure 2 using BMEPB
AQI breakpoints

This section explains why the histograms of the AQIs measurements by the
BMEPB and the US Embassy appear different when comparing Fig. 1.1c
and Fig. 1.2c and shows their close comparability through converting the
US Embassy data from the US AQI to the BMEPB AQI.

From Appendix 1.B, recall that the US Embassy and the BMEPB use dif-
ferent breakpoints when converting PM» 5 concentrations into AQI values.
As illustrated in Figure 1.D.1 below, the US Embassy maps PM, 5 concen-
trations from 65.5 to 150.5 ug/m? to an AQI of 150 to 200, whereas the
BMEPB only maps PMs 5 concentrations from 115 to 150 ug/ m3 to an AQI
ranged 150 to 200. This explains why the US Embassy AQI observations
look bunched between AQI values of 150 and 200 compared to the BMEPB
data.

Comparison of the AQI from the US Embassy and BMEPB

For concentrations of PM2.5 only

200
150
9(‘ 100

50

0 50 100 150
Concentration of PM2.5 (in mg/m3)

\—0— AQIUS —-#—- AQI BMEPB \

Figure 1.D.1 Illustration of the different PM2.5 breakpoints. This graph illustrates
the different breakpoints used by the US Embassy and the BMEPB in the later
subsample for AQI values up to 200. The figure is based on the AQI definitions
reported in Appendix 1.B.

To illustrate this point, the left panel in the composite Figure 1.D.2
below reproduces the original BMEPB histogram for the later subsample
(left panel) and compares it to the US Embassy data mapped into the Chi-
nese AQI in the right panel (right panel). The similarity between both
histograms provides further evidence that the underlying raw data of both
the BMEPB and the US Embassy reflect the same pollution processes and
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thus offer a good degree of comparability.

BMEPB Data B US Embassy Data Using BMEPB Breakpoints
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Figure 1.D.2 Histograms of air pollution levels (BMEPB data and US Embassy data).
Histograms of the BMEPB data (left panel) and the US Embassy data converted
into the AQI used by the BMEPB (right panel).
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1.E Additional results for the Discussion sec-
tion

This section contains additional results related to the Olympic Games 2008.
Firstly, to track the development of the Blue Sky Day anomaly over time, I
compute an index for the anomaly that I define as the frequency of observa-
tions just beyond the Blue Sky Day divided by the frequency of observations
just below it. The reasoning behind this choice is that the likelihood of ob-
serving an AQI just beyond the threshold should be roughly equal to the
likelihood of observing an AQI just below the schedule, giving the index a
natural interpretation: index values far below one give an indication for
mislabeling of values in this part of the distribution. Formally, I compute
the anomaly index as the following ratio:

#ofobservations forwhich100 < AQI < 105

1.
#ofobservations forwhich95 < AQI < 100 (1.7)

Anomalylndex =

Figure 1.E.1 below graphs the time series of this index for both the pair
of comparison cities and for Beijing. The data for Anshan and Jining are
taken from the webpage of the Ministry for Environmental Protection of
the People’s Republic of China (http://english.mep.gov.cn/).

Figure 1.E.1 suggests that there was a temporary decrease in likely mis-
reporting in Beijing following the Olympic Games until the end of 2008 ,
after which misreporting resumed to the previous level. If anything, this
temporary end to misreporting makes it less likely for my analysis to detect
misreporting for the earlier subsample as a whole.

To nonetheless show the robustness of the analysis to the choice of time
period, Figure 1.E.2 shows that my analysis is robust to dropping the entire
period from the start of the control measures preceding the Olympic Games
from 20 July 2008 onwards to the end of the temporary improvements in
air quality to 24 August 2009, one year after the Olympics ended. The
results are identical to the results from the earlier subsample based on the
full dataset.
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Figure 1.E.1 The Blue Sky Day Anomaly in Beijing and the Comparison Cities over
time. The anomaly index tracks the anomaly over time. One data point represents
the average value of the anomaly index for a quarter of the natural year, for either
Beijing or the mean of Anshan and Jining.
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Figure 1.E.2 Histogram of air pollution levels and observed frequencies and Benford’s
Law (Restricted BMEPB data). Histogram (left panel) and comparison with Ben-
ford’s Law (right panel) of the BMEPB data for the earlier subsample (1st January
2008 to 30th December 2012) after dropping observations from 20 July 2008 to
24 August 2009, the period of the Olympic Games 2008 and the related air quality
improvements.
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1.F Benford’s Law for a generic air pollution
dataset

This section shows that Benford’s Law is a good description of a generic
air pollution dataset. I use the historical dataset of air pollution in Europe.
The source for these data is the full dataset from 1991-2012 from AirBase, a
database on European air quality maintained by the European Environmen-
tal Agency (www.eea.europa.eu/themes/air/air-quality/map/airbase).

The fit of the air pollution data with Benford’s Law is good both when
combining the data from all European countries (Fig. 1.F.1) and when
looking at each country individually (Fig. 1.F.2).

Pooled European Air Quality Data
1991-2012 N=3284764
30

25+

20+

Percent

154

104

1 2 3 4 5 6 7 8 9
Digits

Figure 1.F.1 Observed frequencies and Benford’s Law for a generic air pollution
dataset. Observed frequencies for the first significant digits (grey bars) against the
frequencies predicted by Benford’s Law (black connected dots) for the European
air quality dataset Air Base, pooled over all countries for the years 1991-2012.
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Air Quality Data from 38 European Countries
1991-2012
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Figure 1.F.2 Observed frequencies and Benford’s Law for many generic air pollution
datasets. Observed frequencies for the first significant digits (grey bars) against the
frequencies predicted by Benford’s Law (black connected dots) for the European
air quality dataset Air Base, shown for each individual countriy for the years 1991-
2012.
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Chapter 2

Compliance, Efficiency, and
Instrument Choice: Evidence
from Air Pollution Control in
China

Abstract

This chapter evaluates China’s main air pollution control policy. In 2005,
China decided on a 10% SO, emissions reduction goal as part of the 11th
Five-Year Plan (2006-2010). I study the effect of this policy on pollution
outcomes, using both the official, misreporting-prone indicator and inde-
pendent NASA SO, satellite data in a differences-in-differences strategy
that exploits variation in target stringency at the province level. I find
that results from the official and the satellite data differ initially when the
Chinese government lacked the ability to effectively monitor SO, pollution.
Ultimately, however, the policy worked and reduced air pollution by 11%.
The regulated provincial governments react through rhetorical compliance,
measured by a unique dataset of quantified political statements, and by
shutting down small, inefficient thermal units. Rhetorical compliance in-
creases, especially before the government gained the ability to monitor SO,
in 2008. Real compliance sets in through the shutdown of small, inef-
ficient thermal units. Next, I compute detailed marginal abatement cost
curves for SO, for each province in China, thus illustrating the large het-
erogeneity in abatement cost across provinces. I use those curves to con-
struct the counterfactual cost-efficient allocation of SO, reduction targets
across provinces. Using this benchmark, I find that the cost-efficient alloca-
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tion would increase efficiency by 49% at the margin, by lowering marginal
abatement cost from 658€/tSO, to 338€/tSO,. This finding is robust to
inclusion of a back-of-the-envelope measure for the marginal benefits of
abatement. I conclude that a market-based allocation of SO, reduction tar-
gets would have doubled the efficiency of China’s main air pollution control
policy. Contrary to the US experience, I find that a mandate on scrubbers
would reap most of the efficiency gains of the market-based allocation.
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2.1 Introduction

The effective design and implementation of environmental regulation is
crucial for correcting environmental externalities. Traditionally, economists
have analyzed environmental regulation in developed countries where tech-
nical expertise, appropriate monitoring of pollution and rule of law often
allowed for the successful implementation of regulation. Recently, atten-
tion turned to environmental regulation in developing countries and how
compliance with regulation interacts with imperfect institutions (Duflo et
al., 2013; Oliva, 2015). At the same time, developing countries are often
more severely affected by the most important environmental externalities
such as air pollution. According to the latest WHO estimates, air pollution
is responsible for one in eight of total global deaths, which makes 7 million
deaths a year (WHO, 2014). One country which is particularly struck by air
pollution is China. As development has soared, so has air pollution. Recent
air pollution levels in Northern China are as severe as those in London at
the height of the Industrial Revolution?.

This study provides the first empirical evaluation of China’s total emis-
sions control target in the 11th Five-Year Plan (FYP) from 2006 to 2010. In
an effort to bring down air pollution, the Chinese government decided to
limit the total emissions of sulphur dioxide (SO2) by 10% relative to 2005
baseline levels. The national limit was later split into widely varying re-
duction targets for each province. This study evaluates the SO, reduction
policy along three margins: First, did the policy improve SO, pollution out-
comes? Second, how did the regulated provincial governments comply?
Third, how efficient was the policy compared to a counterfactual market-
based policy instrument?

The 11th FYP marks a turning point in environmental policy-making in
China; it is considered ’the most environmentally ambitious document in
the history of the Communist Party’ (Watts, 2011). When the policy was
passed in 2005, China’s regulatory agency was the weak State Environmen-
tal Protection Administration (SEPA). SEPA did not have access to reliable
SO, pollution data in 2005 and had to implement the regulation based on
limited information from aggregate SO, emission statistics. This situation
changed drastically in 2008, when the central government upgraded SEPA
to become the Ministry of Environmental Protection (MEP), gave it high-
level political backing and allowed it to track SO, pollution at the source

IThe level of total suspended particles (TSP) in London in 1890 was just beyond 600
pg/m® (see Figure 3 in Fouquet, 2011). Similarly, TSP levels North of China’s Huai River
were just beyond 600 yg/m> up until 1980 (see Figure 2 in Chen, Ebenstein, et al., 2013).
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and independent of provincial governments (State Council, 2007).

This empirical setting is insightful for several reasons. While data on
the implementation of the SO, reduction policy is only available at the
province level, my setting is unique because of the availability of real pol-
lution data in the period before the Chinese government could monitor it.
This is due to coincidence: in late 2004, just before the start of the policy,
NASA launched the EOS-Aura satellite that provides an independent and
reliable data source for SO pollution in China. Additionally, rich outcome
variables are available for China to track the behaviour of provincial gov-
ernments along multiple margins, including quantified political statements
about current and past political priorities at the province-year level. This
allows me to study whether regulated agents react differently when mon-
itored appropriately. Lastly, a further advantage to studying air pollution
regulation in China is the availability of micro-level data on the cost of SO,
abatement in each province.

Firstly, I evaluate whether the SOy control policy improved pollution out-
comes despite the lack of regulatory capacity at the start of the 11th FYP.
Exploiting variation across provinces in a differences-in-differences (DID)
specification, I recover the causal effect of the SOy control policy on both
reported pollution, using the official indicator, and on real pollution, mea-
sured through NASA satellite data. I then study whether the effect of the
SO, reduction target differs at the county level according to the initial dis-
tribution of pollution within the province. Finally, I investigate the timing
of the effects of the policy to study compliance over time.

I find that the policy was a success according to the official SOy emis-
sions indicator: a one-standard deviation increase in the stringency of the
reduction target leads to a statistically significant 6% decrease in SO, emis-
sions. The effect is similar based on the SO, NASA satellite data at an effect
size of 11% per standard deviation. Within a province, the estimated ef-
fect is stronger for counties that were initially more polluted. However, the
timing of the estimated differs when comparing the official and the satel-
lite data: according to the official data, provinces with a higher reduction
target started to decrease their SO, emissions immediately and monotoni-
cally after the start of the 11th FYP. The satellite data, by contrast, paint a
different picture: according to the satellite data, SO, pollution in provinces
with higher targets only started to decrease in 2008, after the government
gained the ability to monitor SO pollution. A plausible reason for these
differences in timing is misreporting due to moral hazard. The evidence,
however, is only suggestive because these differences are not statistically
different.
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Next, I evaluate the mechanisms through which the regulated agents
comply with the policy. I study their reactions along two margins: rhetori-
cal and real compliance. Given the initial period of moral hazard when the
Chinese government could not monitor SOo, I first ask whether provincial
governments reacted to the SO, reduction targets by changing their polit-
ical rhetoric. I construct a unique province-year dataset of political state-
ments by the governments of each province in China. These statements
discuss the political priorities of each provincial government, both for the
preceding year and the year to come. This allows me to study not only the
content of the provincial governments’ rhetoric but also the timing. I use
these statements to quantify the importance of air pollution in a province’s
political rhetoric. To study real compliance, I collect data on the two most
economic measures to reduce SO, at the province level. These are the
installation of desulfurization equipment (scrubbers) in power plants and
industrial facilities, and the shutdown of small, inefficient power plants.

I find that provincial governments strongly adjusted their rhetoric to the
political goals from the center: a one-standard deviation increase in the
province’s SO, reduction target leads to a 30% increase in political state-
ments on air pollution, mainly driven by mentions of sulfur. A placebo test
using other goals from the 11th FYP shows that provinces specifically adapt
their rhetoric to the SO, targets. Regarding the timing of the political state-
ments, I find that the increase in political statements is most pronounced
in statements that praise past work on air pollution. This is particularly vis-
ible for the period just before the government could monitor air pollution.
In light of the difference between the official and the satellite SO, data,
this provides further suggestive evidence for strategic misreporting. Ulti-
mately, however, the SO, reduction policy worked, and compliance became
real. Among the abatement measures available to provinces, I find that real
compliance for provinces with higher SO, reduction targets relied less on
the installation of desulfurization equipment, or on an earlier installation
of this equipment. Instead, I find that the main driver for bringing down
SO, pollution was the shutdown of small, inefficient power plants.

To study the efficiency of the policy design and quantify the gains from
trade across different policy instruments, I compute detailed SO, marginal
abatement cost (MAC) curves for each province in China. These curves
show the large heterogeneity in SO, abatement cost across the provinces
of China. Based on the MAC curves, I find that the Chinese government
did not equate marginal abatement cost across space. Instead, the re-
duction targets favoured coastal provinces in the East where abatement
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costs are higher. This is consistent with a tale-of-two-cities story, in which
China would develop amenity-based consumer cities along the coast, while
maintaining a base of polluting manufacturing in its interior (Kahn, 2006;
Zheng and Kahn, 2013). Using the MAC curves, I construct the counter-
factual cost-efficient allocation of SO, reduction targets across provinces
needed to achieve the 10% SO, reduction target. This allows me to study
the gains from trade from moving from a command-and-control regula-
tion to a market-based allocation of SO5 reduction targets. I find that the
market-based allocation would increase efficiency by 49% at the margin,
lowering marginal abatement cost from 658€/tSO, to 338€/tSO,. Surpris-
ingly, I find that a technology mandate on scrubber usage would reap most
of the efficiency gains of the market-based solution. This finding stands in
stark contrast to the US SO, control experience, for which Carlson et al.
(2000) find large efficiency gains from a market based policy compared to
a scrubber mandate.

As a robustness check, I quantify how sensitive these estimates are to
the inclusion of a measure for the marginal benefits of reducing air pollu-
tion. I use the back-of-the-envelope method employed by Oliva (2015) to
construct a measure for the marginal abatement benefits of reducing SO,
emissions at the province level. This method proceeds in 3 steps: (i) how
does the SO, control policy change pollutant concentrations?, (ii) what
health effects do the changes in pollutant concentrations cause?, and (iii)
what is the monetary value of those health effects? I find that the gains
from trade from moving to the cost-efficient allocation are robust to in-
cluding the benefits of air pollution abatement: at the margin, welfare in-
creases are 45%, a similar magnitude as the cost-based efficiency increases.

Overall, my empirical findings show that China’s flagship air pollution con-
trol policy worked. SO, pollution, as measured through independent satel-
lite data, decreased by more than 10% as a result of the policy. This success,
however, appears to hinge on the Chinese government’s ability to fully mon-
itor SO, pollution. Before the 2008 changes in monitoring, compliance is
mostly rhetorical. This finding provides support for a theoretical literature
pioneered by Jean-Jacques Laffont suggesting the importance of regulatory
capacity for the working of even simple policies (for an overview, see Laf-
font, 2005). Assessing the efficiency of the air pollution control policy, I
find that the Chinese government fails to exploit the large heterogeneities
in abatement cost across provinces. A more market-based allocation of SO,
reduction targets, such as through an emissions trading scheme, would
double allocative efficiency.

My analysis thus suggests that China currently faces problems in its air
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pollution control that are similar to the problems that today’s developed
countries faced in the past. Air pollution control is initially plagued by
monitoring difficulties, and works in general, though it is not initially cost-
efficient. Compared to environmental regulations in other emerging coun-
tries such as India and Mexico that have been evaluated in the literature
(Duflo et al., 2013; Oliva, 2015), it is likely that China’s better pollution
monitoring capacities towards the end of the implementation explain the
success of the policy in reducing air pollution.

This chapter is organised as follows: Section 2.2 discusses the related liter-
ature. Section 3.2.1 describes the setting and discusses environmental gov-
ernance in China as well as the 2008 changes in the SO, monitoring. Sec-
tion 2.4 explains my data sources, while Section 2.5 contains the empirical
analysis. Section 2.6 constructs detailed marginal abatement cost curves
at the province level and, in combination with a marginal benefit measure,
computes the gains from trade across different policy instruments. Section
2.7 concludes.

2.2 Related literature

The two main reasons to study air pollution in China are the magnitude
of the problem and the possibility to alleviate it through policy. Air pollu-
tion in China causes enormous health costs as shown by literatures in both
economics and health. Chen, Ebenstein, et al. (2013), for instance, use a
natural experiment to find that one coal-subsidy alone led to the loss of
2.5 billion life-years in Northern China. Epidemiological studies summa-
rized in Yang et al. (2013) give the same sense of magnitude: they find
air pollution to be the fourth most important health burden in China. In
monetized terms, the health cost amount to 1.2 to 3.8% of GDP (World
Bank and State Environmental Protection Administration, 2007). Air pol-
lution furthermore induces direct productivity losses Chang et al. (2016).
At the same time, Jia (2014) has shown in a convincing causal setting that
pollution is a side effect of political incentives. A large literature in urban
economics, political economy and environmental law backs this conclusion
(Almond et al., 2009; Wang, 2013; Zheng and Kahn, 2013; Zheng, Sun,
et al., 2014). It therefore seems possible to mitigate air pollution through
the right combination of policies and incentives.

My study is the first to provide a causal empirical evaluation of the
total emissions control policy in the 11th FYP. Despite the huge costs of
air pollution in China, there has been no empirical evaluation of China’s
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flagship air pollution control policy. Evaluation so far has come in one of
two guises: through detailed narrative accounts of the changes (Hao et al.,
2007; Schreifels, Fu, and Wilson, 2012) or through model-based studies
in atmospheric science (Lu et al., 2010; Wang, Jang, et al., 2010a,b). Ad-
ditionally, I am amongst the first to evaluate any environmental policy in
China. The main other study I am aware of is Kahn, Li, and Zhao (2015),
who analyze water pollution regulation. Their findings complement the
empirical part of my research and allow for a richer interpretation of the
role of pollution monitoring.

This research also contributes to two distinct literatures in environmen-
tal economics. The first is a nascent empirical literature that evaluates the
design and implementation of environmental policies in imperfect settings,
while the second literature studies the efficiency of the design of regulation
through comparison of different policy instrument.

In the first literature, Duflo et al. (2013) study how the emissions of reg-
ulated industrial firms in India respond to changes in effective monitoring.
Using a field experiment, they find that improved auditing leads regulated
firms to reduce pollution, most notably through water pollution. Relat-
edly, Oliva (2015) provides a static snapshot of an air pollution regulation
gone wrong. She documents the ineffectiveness of emissions regulation for
private cars in Mexico City. Using a statistical test to detect misreporting,
she shows that car owners often fail to comply and instead pay a bribe to
circumvent regulation, leading to a private benefit to car owners at great
damage to the public. Hansman, Hjort, and Leon (2015), by contrast, study
the design of a reform aimed at preserving fish stock in Peru. They show
that the piecemeal nature of the reform led to unforeseen side effects for
air pollution outcomes.

This chapter sheds light on whether a simple command-and-control pol-
icy can be effective in a setting in which the government has a very low
regulatory capacity initially. Due to the availability of independent satel-
lite data on pollution throughout, I can study the behaviour of regulated
agents in terms of likely misreporting, pollution outcomes and rhetorical
compliance both before and after the Chinese government gains the abil-
ity to monitor pollution in 2008. Understanding how the affected agents
comply with an environmental regulation under moral hazard is central to
policy implementation and thus of great importance for contexts beyond
China. The analysis of a command-and-control regulation in an emerging
country such as China contributes furthermore to the existing literature on
the effectiveness of air pollution control, which has focused almost exclu-
sively on developed countries such as the US (Auffhammer and Kellogg,
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2011; Chay and Greenstone, 2005; Chay, Dobkin, and Greenstone, 2003;
Henderson, 1996)2. Additionally, while research on air pollution regula-
tion has led to clear findings for pollutants such as TSP, the results for SO,
are more mixed (Greenstone, 2004; Greenstone and Hanna, 2014).

The second literature to which I contribute studies the design of environ-
mental regulation and the use of different policy instruments. This line
of research asks a normative question - what would be the efficient allo-
cation of SOy reduction targets? - and uses this benchmark to assess the
efficiency losses of actual policy. Most contributions come from analyses
of air pollution control regulation in the US, most notably through the US
SO, mitigation efforts (for an overview, see Schmalensee et al., 1998 and
Stavins, 1998), but a small number of studies exist from other countries
such as Chile (Montero, Sanchez, and Katz, 2000). My work relates most
closely to Carlson et al. (2000) and Oates, Portney, and McGartland (1989).

Carlson et al. (2000) compute marginal abatement cost curves for SO,
for the electricity sector in the US to quantify the welfare gains from trade
of moving from command-and-control regulation to SO, emissions trading.
While those cost savings are large, they are significantly lower than antic-
ipated ex ante. Carlson et al. (2000) show, however, that the efficiency
gains from trading are large if they are compared instead to another policy
instrument, a technology mandate in scrubber usage. My analysis follows
their questions for the Chinese experience. Instead of starting from the
market-based policy instrument and comparing the efficiency gains against
different types of hypothetical command-and-control instrument, I start
from the actual command-and-control instrument and compute a market-
based policy instrument as counterfactual from which to judge efficiency
gains. Based on these computations, I can then assess the efficiency loss
of a hypothetical technology mandate in scrubber usage. Contrary to the
US experience in Carlson et al. (2000), I find that a mandate on scrubber
usage is nearly identical to the market-based solution for the national 10%
control target. The reason for the difference across the two countries is
that in the US, the gains from trade came mainly from differential access to
low-sulfur coal, whereas in China the gains from trade are mainly driven
by differences in industrial structure across provinces.

Another closely related paper is Oates, Portney, and McGartland (1989),
who compare the efficiency of incentive-based regulation against command-
and-control regulation to control air pollution in Baltimore. They find

20One exception are Greenstone and Hanna (2014), who investigate the effect of regu-
lation on air and water pollution in India.
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that a well designed command-and-control regulation can deliver pollu-
tion reductions at a welfare cost that can be lower than a comparable
incentive-based regulation. This conclusion, however, only applies when
that command-and-control regulation is informed by the marginal cost of
abatement rather than by political considerations. Taken together, these
studies show that while moving from a command-and-control regulation to
a market-based regulation is generally seen as increasing the efficiency of
the regulation (Schultze, 1977), whether this is so is an empirical question
that depends on the particular case of the regulation under consideration.
In particular, it will depend on whether the cost of abatement was taken
into account when designing the the command-and-control allocation of
targets®.

I estimate detailed marginal abatement cost curves for SO, for each
province in China in 2005, contributing to the few studies that estimate
full marginal abatement cost curves in environmental economics in gen-
eral (Gollop and Roberts, 1985; Carlson et al., 2000 and Abito, 2012)%. In
particular, this study is the first to derive comprehensive marginal abate-
ment cost curves at the province level in China. Two earlier contributions
by Tu and Shen (2014) and Li, Wu, and Zhang (2015) provide interest-
ing analysis in this direction but both studies rely on modelling in addi-
tion to microdata and only compute partial snapshots rather than full MAC
curves. I use the marginal abatement cost curves to predict the counter-
factual allocation of SO, reduction targets across provinces in China. This
allows me to quantify the efficiency gains from trade from moving from
the actual command-and-control allocation of SO, reduction targets to the
cost-efficient allocation. Furthermore, I investigate the robustness of this
quantification to the inclusion of a measure for the marginal abatement
benefits. Overall, I contribute by studying whether the design of air pollu-
tion control regulation in a developing country such as China differs from
the experience of developed countries like the US, and show possible dif-
ferences in detail.

3Further related studies are Newell and Stavins (2003), who propose a simple way of
calculating the efficiency gains from market-based policies in situations with limited data,
and show an application to NO, control in the US, and Antle et al. (2003), who investigate
spatial heterogeneity in the abatement cost for carbon sequestration in the US and show
that different policy instruments vary in efficiency by a factor of 5.

“4Partial estimates of marginal abatement cost curves for compliance with air pollution
control regulation are further reported in Hartman, Wheeler, and Singh (1997), Becker
and Henderson (2001), Keller and Levinson (2002) and Becker (2005).
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2.3 The SO, reduction policy in context

This section provides the context around the 11th Five-Year Plan (FYP) and
China’s flagship air pollution control policy that is the focus of this research.
Environmental governance in China has undergone a rapid transformation
in the last two decades. Until 2005, economic growth was the defining
development paradigm. Environmental policies, where they existed, were
paper tigers: they lacked political support from the central government
and were rarely enforced. 2005 marks the turning point with a Five-Year
Plan that 'was the most environmentally ambitious document in the history
of the Communist Party’ (Watts, 2011). The following paragraphs sketch
how this change can best be seen as a change in political will rather than a
change in formal laws.

Before the policy Laws regulating SO, emissions have existed in China
since 1998, when the State Council approved the establishment of the "Two
Control Zones’, a policy to address acid rain and SO, emissions (McEI-
wee, 2011). Enforcement of this policy was intensified in 2000, but has
remained constant since. Implementation of SOy policies, however, still
encountered great difficulties (Gao et al., 2009), as China’s overall devel-
opment strategy remained firmly rooted in economic growth. Existing en-
vironmental policies overall, for instance on energy efficiency, were left
underfunded by the central government (Gao et al., 2009; Lin, 2007). And
while the 10th Five-Year Plan included a nationwide goal to reduce SO»
emissions by 10%, it did not have political backing, and failed to induce
SO, emissions reductions (Schreifels, Fu, and Wilson, 2012), possibly be-
cause of a lack of incentives for meeting the targets (Wang, 2013).

First change in the political outlook of the central government came in
2003, when President Hu - a hydroengineer - and Prime Minister Wen - a
geologist - took power. The ’scientific development’ paradigm, which em-
phasized environmental protection alongside economic growth, started to
substitute for economic growth. Environmental governance, however, was
still weak.

2005: The 11th Five-Year Plan (2006-2010) Amidst the increasing po-
litical will to implement and enforce environmental policies, the general
directions of the 11th FYP started being discussed as early as mid-2003,
and probably ended by 2004 (Xu, 2011). During the National People’s
Congress in March 2006, the 11th FYP was presented in its final form and
included emissions control targets for air pollution (SO2) and water pol-
lution (chemical oxygen demand, or COD) as well as a target on energy
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efficiency. Concurrently, environmental governance started being taken se-
riously, when the once powerless SEPA successfully stopped hundreds of
billions of Yuan of industrial investment on environmental grounds at the
beginning of of 2005. This radical action came as a surprise to Chinese
society (Gao et al., 2009). In March 2008, the SEPA's new political author-
ity was formalized when SEPA obtained full rank in the State Council and
received ministry status as the MEP (McElwee, 2011). This is the period
that I analyze in this research.

The air pollution control target consisted of a 10% SO, emissions con-
trol target for China as a whole. This reduction target was handed down to
the provinces in May 2006 at the latest, when SEPA - with high-level polit-
ical backing - signed formal, binding reduction targets with the provincial
governments (Gao et al., 2009; Xu, 2011)°. These reduction targets were
given the highest political priority, paralleled only by mandates on growth,
social stability and the one-child policy (Wang, 2013). Compliance with
environmental targets entered the performance evaluation of local leaders
(Moser, 2013). Provincial SO, reduction targets, in particular, were made a
veto target: failure to comply would nullify all other performance achieve-
ments of a provincial leader (Kahn, Li, and Zhao, 2015; Xu, 2011). The
reduction targets specified reductions in SO, emissions from 2006 to 2010
with 2005 as the baseline. These are the reduction targets that I use in this
study. Figure 2.1 shows that these targets vary considerably, mandating
reductions from 0% to more than 25%.

SO, emissions data in China in 2005 were of bad quality, and misreporting-
prone. A province’s SO, emissions were calculated by aggregating the phys-
ical quantity of coal used in a province in a given year, and by then mul-
tiplying this quantity with SO, emissions factors depending on the sulfur-
intensity of the type of coal used. The political authority to compile these
data rested with the provincial governments. While this procedure yields
only coarse aggregate data at best (Guan et al., 2012), it can also be cor-
rupted to produce the desired data. Anecdotal evidence and extensive field
work in several provinces confirm that misreporting of SO, emissions data
was prevalent in the first 2 years of the SO control policy (Song et al.,
2015). The likely reason why the central government decided to use emis-
sions rather than other pollution data is that the network of in situ mea-
surement stations was not of sufficiently high quality and quantity in 2005

>The 31 province-level administrative units include the four municipalities directly un-
der the central government (Beijing, Chongqging, Shanghai and Tianjin) and the five au-
tonomous regions (Guangxi, Neimongol, Ningxia, Tibet and Xinjiang).
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Figure 2.1 The SO, emission control targets. This figure shows the variation in the
SO, emissions reduction targets across the 31 provinces. Targets are shown as per-
centage reduction on 2005 SO, emission baselines. The mean of the distribution
is 9.4% and the standard deviation is 6.8 percentage points. Data source: State
Council (2006).

to track SO pollution outcomes on the ground.

Up to 2005, provincial governments in China had little incentive to con-
trol air pollution. A province in China is governed by a pair of provincial
leaders, the governor and the party secretary. Provincial leaders are career
officials who are appointed in a top-down manner. As career officials, they
are often positioned outside their native provinces and move frequently
as a results of promotion or demotion. Cadre regulations stipulate a maxi-
mum term length of 5 years for both governors and party secretaries (Kahn,
Li, and Zhao, 2015). This rule is mostly respected: on average, provincial
leaders have held office for just two years, with only a small number ex-
ceeding a tenure of 5 years. As a consequence of these frequent changes,
provincial leaders are mainly concerned with furthering their own career
in the short period that they hold office. Following the regulations in the
past, this meant relying on pollution-intensive, quick-and-dirty GDP growth
(Chen, Li, and Zhou, 2005; Jia, 2014; Li and Zhou, 2005). Incentives for
provincial leaders to fix air pollution are further weakened by vested inter-
ests in polluting enterprises, of which local governments are often major
shareholders (Gao et al., 2009). As provincial leaders got promoted to
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posts elsewhere, air pollution therefore remained unfixed.

2008: Changes to SO, monitoring In 2007, the State Council passed
a law that fundamentally changed the regulator’s capacity to monitor SO,
pollution (the law is known as the 'Reduction of the Three Ways’). The
core of the law was twofold: to change the politics of SO, data collection to
avoid tampering with data at the political level, and to install appropriate
monitoring equipment and ensure frequent statistical inspections on the
ground (State Council, 2007).

On the political side, reporting was taken from provincial governments
and put directly under the political control of the MEP. The MEP, in turn,
directly reports to the State Council. On the ground, SO, measurement
stations were build in pollution hotspots and the number of environmental
monitoring officials was increased by 17% (Song et al., 2015). Key indus-
trial polluters for each prefecture had their SO, emissions tracked on site.
By May 2008, uninterrupted automatic monitoring devices with data feeds
directly into the local environmental agency were used for this purpose
(McElwee, 2011; Ministry of Environmental Protection of the People’s Re-
public of China, 2008a,b). All changes became effective in July 2008 at the
latest (Song et al., 2015). These changes mark a landslide for environmen-
tal governance in China: a nearly powerless agency was upgraded into a
powerful ministry. A ministry given the tools to ensure it was going to be a
force to be reckoned with.

The 2008 changes naturally divide the analysis into three periods: (i)
before the policy; (ii) SO, reduction targets, but little monitoring; (iii) SO-
reduction targets, and comprehensive monitoring. These periods will guide
my subsequent empirical estimations to evaluate the policy.

2.4 Data

I compile a unique dataset that allows me to study the effect of the SO con-
trol policy along two margins: Firstly, to evaluate the effect of the policy on
pollution outcomes, I use two different data sources: (i) the official, mis-
reporting prone SOjemissions indicator and (ii) independent satellite data
from NASA. Secondly, I evaluate the reactions by the regulated provincial
governments. I divide these reactions into rhetorical compliance and real
compliance. To measure rhetorical compliance, I build a novel dataset of
political reports, which I quantify. Behaviour related to real compliance
is based on official data sources on SO, abatement measures. I firstly de-
scribe the pollution data, and then the data related to the behaviour of the
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regulated provincial governments.

2.4.1 Data on pollution outcomes

Official SO, data The SO, control policy relies on SOy emissions as the
official indicator. Note that this is a proxy indicator for the ultimate goal of
reducing pollutant concentrations. It is likely that the central government
chose this indicator due to a combination of a legacy of state-planning that
focused on total emissions control and a lack of suitable SO, concentra-
tions data from in situ measurement stations. I use the data reported in
the China Energy Databook (Fridley, Romankiewicz, and Fino-Chen, 2013),
who compile the official SO, emissions data from the statistical yearbooks.

The official SO, emissions data gives at best a noisy picture of true SO,
emissions (Guan et al., 2012), and anecdotal evidence and research based
on fieldwork suggest that the incentives before the 2008 policy changes led
to severe misreporting (Song et al., 2015). The literature more generally
has also noted misreporting of air pollution data (Andrews, 2008a; Chen,
Jin, et al., 2012; Ghanem and Zhang, 2014). However, this kind of misre-
porting consists of relabeling around the politically sensitive Blue Sky Day
threshold in air pollution index data. It is thus tangential to misreporting
in SO, emissions data, affects the mean of the data very little, and there are
signs that this particular kind of misreporting has come to an end with the
introduction of PM5 s measurements from 2012 onwards (Stoerk, 2016).
The potential source of misreporting was therefore removed after the MEP
started collecting SO pollution data directly in 2008.

SO, satellite data To measure real SO, pollution, I make use of the unique-
ness of my empirical setting. In August 2004 - just before the start of the
SO2 control policy - NASA launched a satellite with the Ozone Monitoring
Instrument (OMI). In lay terms, OMI is an instrument that captures images
of Earth from space at different wavelengths. Post-processing trough ex-
traction algorithms produces SO, vertical columns of high precision that be-
came available in 2014°. It is unlikely that the Chinese government would
have had access to the satellite data during the policy, an these data were
not used in the official evaluation of the policy. Dates with cloud cover can

®The new algorithm significantly improved the precision of the extracted vertical col-
umn densities and removed a number of biases compared to the earlier data product that
was available from OMI (Krotkov et al., 2016). Note further that the OMI data itself have
a detection threshold that is two magnitudes smaller than earlier satellite data and can
thus enable the detection of SO, pollution from human activity in the lowest part of the
atmosphere (NASA, 2014).
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Figure 2.2 SO, pollution in China in January 2006 based on NASA satellite data.
This figure shows the cross-section of the SO, satellite data based on the NASA
OMI SO, data product for January 2006 mapped to the county-level.

lead to missing values over individual pixels, but this is not generally con-
sidered a first-order problem (Krotkov et al., 2016)7. All in all, the NASA
SO, satellite data are a very good proxy for ground-level SO, emissions. To
illustrate, Figure 2.2 shows the cross-section in January 2006.

Relation between both data sources SO, emissions decay in a span of 4-
36 hours (Fioletov et al., 2015; He, 2012). Since the satellite data capture
Earth daily, they represent a snapshot of SO, pollution on that day. Given
the quick decay, this prevents leakage from confounding the outcome and
allows me to capture local rather than transported SO, emissions. NASA’s
retrieval algorithm produces four different data products, each of which
corresponds to SO, pollution at different levels of altitude in the atmo-
sphere (NASA, 2014). For this analysis, I use the lowest level at an altitude
of 900m above ground, for two reasons: firstly, because this is the best
proxy for anthropogenic emissions sources, and secondly, because a lower
altitude further minimizes transportation. Secondly, the precision of the
satellite images is high enough to identify individual sources of pollution
that produce as little as 30kt of SO, annually (Fioletov et al., 2015). I aggre-
gate these daily cross-sections to the province-month and the province-year

’Furthermore, I aggregate daily values to at least monthly, and pixels of not bigger
than 0.25 degrees by 0.25 degrees latitude-longitude to counties and provinces, further
reducing the magnitude of the potential problem due to clouds.
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levels. Annual changes in the SO, satellite data can therefore be expected
to be mimicked closely in the official statistics®.

2.4.2 Data on reactions by the regulated provincial gov-
ernments

This section describes the data sources that I use to study the reactions of
the provincial governments along two margins: (i) rhetorical compliance
and (ii) real compliance.

Rhetorical compliance I build a comprehensive dataset of political state-
ments by each provincial government to study whether the regulated provin-
cial governments respond to the SO, reduction targets by mimicking the
central government’s rhetoric. In China, each provincial government has
the obligation to issue a government work report every year. This report is
publicly delivered by one of the two highest ranked officials in the province,
the party secretary or the governor. Each report contains information on
the provincial government’s activities and achievements. These reports are
divided into two parts: Part 1 discusses the provincial government’s work
and achievements in the preceding period, while Part 2 discusses the work
in the period to come. This unique setting allows me not only to investigate
political rhetoric in general, but to also specifically investigate rhetorical re-
sponses relating to past and future achievements in response to the SO re-
duction targets. Figure 2.3 shows an example of a government work report
from Liaoning province in 2003, delivered by then-governor Bo Xilai.

To measure the provincial government’s political attention towards air
pollution for a given province-year, I scan each province’s government work
report for the years 2002-2010 and construct a variable that is equal to the
number of occurrences of keywords related to air pollution®. Keywords
were chosen from a technical document on urban air pollution in devel-
oping countries (GTZ, 2009) as well as from China-specific air pollution
articles, webpage entries and blog posts in March 2014 from China Daily,
Global Times, Beijing Review and Jinyang Yangcheng Evening News. To fur-
ther rule out cherry-picking of keywords, I have defined the list of keywords
as widely as possible. Figure 2.4 contains the raw count of keywords over
time, offering two take-aways. Firstly, there is a distinct increase in air pol-
lution related keywords: Mentions of air pollution increase by more than

8A cross-check of known ground-level emission sources with SO, OMI satellite data
revealed a correlation of 0.91 (Fioletov et al., 2015).
°8 reports are missing in 2002 and 1 report is missing in 2003.
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Figure 2.3 Example of a Government Work Report.The graph shows the beginning
of the government work report for Liaoning province in 2003. It was delivered by
then-governor Bo Xilai.

400% during the 11th Five-Year Plan (2006-2010). Secondly, one keyword
drives this increase: the specific keyword ’sulfur’. This keyword is directly
related to the provincial SO, reduction targets from the 11th Five-Year Plan.
The outcome variable therefore appears to capture relevant political state-
ments!?

Real compliance Based on my own calculations of the marginal cost
of SO5 emissions abatement (see Section 2.6), the installation of desulfu-
rization devices in existing industrial and power plants (scrubbers), fuel-
switching to better quality coal and the shutdown of small, inefficient ther-
mal units are the main margins by which the provincial governments could
reduce SO, emissions over the relatively short time horizon of 5 years. I
collect data on both the timing and the quantity of installation of desulfur-
ization devices at the province level during the 11th Five-Year Plan (2006-
2010). Furthermore, I compute the number and capacity of small thermal

100ne valid concern with the raw count of air pollution keywords is that the length of
the government work reports might have changed over time or across provinces. This
could introduce a bias in my measure. To show that this is not the case, Figure 2.A.4
in Appendix 2.A divides the number of keywords by the length of the report and finds
a very similar pattern. I prefer to use raw data because of its clearer interpretation. All
regressions results are robust to using the adjusted number of keywords. These results are
available upon request.
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Figure 2.4 Political attention to air pollution over time. The graph shows the mean
count of keywords related to air pollution for all provincial government work re-
ports in a given year from 2002 to 2010.

units that were shut down by 2010 in each province. The latter are based
on a planning document from 18th January 2008, in which the MEP asked
the provincial governments to submit a concrete proposal for the thermal
units to be shut down over the following two years. Anecdotal reports
suggest that these shutdowns did indeed take place. All data were com-
piled from sources available through the data center of the MEP (datacen-
ter.mep.gov.cn). I do not analyze the sulfur content of coal used at the
province-year level since reliable data is unavailable.

2.5 Empirical analysis

2.5.1 Empirical strategy

Baseline specification I use the following difference-in-differences model
to investigate whether a higher SO, reduction target led to a relatively
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stronger decrease in SO, emissions:

T
Ypt = ﬂ0+ﬁ1ReductiontargetpxD(Post)t+ﬁ2Reductiontargetp+Z B3iye+o+up

=1
(2.1)

The outcome y,, for province p at time period ¢ is either the official SO
emissions data that was used by the central government to assess the policy
or the independent satellite SO, data. The variable Reductiontarget, is the
provincial SO, reduction target and captures the cross-sectional variation
shown in Figure 2.1. Policy variation over time is captured in the indicator
D(Post) that takes on the value 1 from 2006 onwards. a, are province fixed
effects. The estimate for f; gives the causal effect of an increase in the tar-
get stringency by one unit for the whole period of the 11th Five-Year Plan,
from 2006 to 2010.

Identification The DID specification exploits cross-province variation in
the stringency of the SO; reduction target to estimate the causal effect of
the pollution control policy. Identification relies on a combination of three
factors: (i) common trends in the outcome variables prior to the SO, control
policy, (ii) a sharp deviation from those trends following the policy changes,
and (iii) the absence of forward-looking considerations that would also ex-
plain SO, abatement efforts by the provincial governments in 2006.

Provincial governments can rely on three main channels to bring down
pollution. All of which are quick to implement, in particular for a country
like China: fuel-switching to higher quality coal with a lower sulfur content,
installation of desulfurisation devices, and the shutdown of small, ineffi-
cient thermal units. It is therefore reasonable to expect an immediate effect
of the SO, reduction policy on pollution outcomes. Lu et al. (2010) pro-
vide evidence that abatement measures started immediately: power plants
already started to switch to better quality coal in 2005 (with a sulfur con-
tent reduced by about 20%compared to the preceding year), and flue-gas
desulfurization technology doubled from below 10% to more than 20% of
all operating power plant capacity.

Common pre-trends and the timing of effects are empirically testable,
and I show below that these conditions are fulfilled. Consideration (iii) is
not directly testable, but supporting evidence shows that it is likely fulfilled.
While the exact algorithm used by the Chinese government to allocate the
targets is unknown, and it is unlikely that the targets were distributed ran-
domly, random allocation is not needed for my identification. Instead, I
only need that the allocation of SO reduction targets across provinces was
independent of forward-looking considerations that would explain SO5 pol-
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lution reductions by a province independent of the SO, reduction targets.

The official statement by the State Council on how the target distribu-
tion would have taken place mentions a whole array of factors that were
used to determine the allocation of targets for a province (State Council,
2006): (i) environmental quality and environmental capacity, (ii) current
pollution levels, (iii) level of economic development, (iv) SO, mitigation ca-
pabilities and (v) regional differentiation (Eastern, Central, Western). Xu
(2011) finds that the allocation of targets does not correlate with either of
those factors (barring a correlation of non-power SO, emissions divided by
the area of a province). Therefore, there is no evidence that any of these
factors drove the target allocation, which suggests that the allocation of
targets followed guidelines orthogonal to changes in SO, emissions at the
turn of the 11th FYP. I also rule out the possibility that the allocation of
SO, reduction targets followed the cost of abatement, both by itself and
net of benefits. If that were the case, my empirical strategy would pick up
the compound effect of an SO, reduction target and a cost advantage. In
Section 2.6, I derive detailed marginal abatement cost (MAC) curves and
combine those with a measure of marginal abatement benefits. I find that
neither the MAC nor the marginal welfare impacts correlate with the target
allocation, lending further credibility to my empirical strategy (shown in
Figures 2.16 and 2.A.5). Furthermore, I empirically test for the influence
of both factors in a robustness check below.

Inference I follow Bertrand, Duflo, and Mullainathan (2004) and com-
pute standard errors that are heteroskedasticity-robust and clustered at the
province level. Statistical inference based on these standard errors, how-
ever, could still be incorrect if the number of clusters is too small, as the re-
quired asymptotic results might not apply. China has 31 provinces, yielding
significantly less than 50 clusters, the usual rule of thumb. While reporting
the clustered standard errors, I therefore base my statistical inference on
p-values derived from the wild bootstrap method described in Cameron,
Gelbach, and Miller (2008). This is common practice in applied research
on China (see, for instance, Martinez-Bravo et al., 2013).

2.5.2 The effect of the SO, control policy on SO, pollution

Baseline results Table 2.1 provides the summary statistics for my sample.
The first two columns of Table 2.2 show the results from estimation Equa-
tion (2.1) for the effect of the policy for the full 11th FYP. A first glance
reveals that the policy had a different effect depending on the indicator
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Table 2.1 Descriptive statistics

Mean Std. Dev. Min. Max. Time Period
SO2 Emissions (kt) 739 471 1 2003 2002-2010

SO2 Satellite (DU) 0.37 0.39 -0.02 1.93 2005-2010
Selected SO2 Sat. (DU) 0.72 0.53 -0.03 2.57 2005-2010

SO2 Reduction Target 9.65 6.71 0 259 -
(% on 2005 Baseline)

Note. Satellite data is measured in Dobson Units (DU). Selected SO, Sat.
is the sample of polluted cities. Satellite SO, measurements below 0.2
Dobson Units are generally considered as clean air and negative values
are likely noise from measurement error. Replacing negative values as
either Os or missing does not change the subsequent results.

used for evaluation. According to the official SO, emissions data, the pol-
icy was a success: SO, emissions decrease in response to the target, with
the estimated magnitude being a 5.8% decrease for a one-standard devi-
ation increase in target stringency. The satellite data, by contrast, do not
show a significant relationship between the targets and the SO, pollution
outcomes. The sign of the estimated coefficient is in the same direction as
with the official indicator, and the estimated magnitude is even higher, but
it is not statistically different from zero.

To improve the precision of the estimates, I increase statistical power
by focussing on polluted cities only. Given the same amount of noise in the
data, a higher absolute effect can be expected to be more easily detected
in this sample. The sample of polluted cities is built by taking the location
of each in situ measurement stations run by the MEP!!. The point estimate
for the effects of a higher reduction target is nearly identical to the overall
sample in percentage terms, but the coefficient turns significant because
the higher absolute effect in the polluted sample increases statistical power
(Table 2.2). All baseline estimates taken together, I find that that the SO,
control policy was effective in reducing air pollution over the whole sample
period.

117 select the 25 nearest pixels up to a distance of at most 25 kilometers around the
city centroids, and compute the province-level observations only based on those pixels.
Results from this sample are robust to changes in the 25 kilometers cutoff, as most pixels
are closer than 15 kilometers from the city centroid.
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Table 2.2 The effect of the policy for the whole period (2006-2010)

SO2 Emissions Satellite SO2 Selected Sat. SO2

(Kt) (Dobson Units) (Dobson Units)
Reductiontarget -6.3%** -0.0057 -0.0115*
x D(Post) (1.6) (0.0040) (0.0050)
[0.01] [0.27] [0.06]
Reductiontarget 0.3 0.0214*** 0.0257***
(1.34) (0.0067) (0.0076)
[0.74] [0.00] [0.00]
D(Post) 107.87*** 0.0482 0.0838**
17.7 (0.0286) (0.0386)
[0.00] [0.12] [0.04]
Province FE v Vv Vv
Effect size 5.8% 10.5% 10.9%
(% of mean/c)
Observations 279 186 186
Provinces 31 31 31
R? 0.96 0.90 0.84

Note. Heteroskedasticity-robust standard errors clustered at the province
level are shown in parentheses. Wild bootstrap p-values from 1000 repeti-
tions clustered at the province level are shown in square brackets. The ef-
fect size gives the estimated coefficient of the interaction term f; in Equa-
tion (2.1) as percentage of the mean of the dependent variable for a one
standard deviation(o)-increase in the SO, reduction target.  * xp < 0.01,
*%p < 0.05, #p < 0.1.

Dynamic treatment effects To take a closer look at what might explain
these differing findings, I estimate yearly versions of the above DID spec-
ification. Instead of collapsing the time periods into before and after the
policy as in Equation (2.1), I interact a dummy for each time period with
the reduction target. This yields the following equation:

T T

Ypt = Po+ Z p1:Reductiontarget, X y; + foReductiontarget, + Z B3ty + o +
t=1 t=1

(2.2)

As before, y,; are the SO, pollution outcomes for province p in time period
t. In this specification, the SO, reduction targets are interacted with each
time period y; to estimate the differential trajectory of SO, pollution for
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Figure 2.5 Dynamic treatment effects: Official SO2 emissions. The solid line plots
the point estimate for yearly coefficient estimates of the interaction coefficients
p1: in Equation (2.2) for the official SO, emissions data. The dashed lines show the
95% confidence bands, based on heteroskedasticity-robust standard errors clus-
tered at the province-level. The excluded time period ¢ = 1 is the year 2002. The
vertical line before 2006 marks the start of the policy and the vertical line before
2008 marks the start of SO, monitoring.

provinces with different SO, reduction targets. These effects are captured
in the point estimates for f;; for periods 2 through T, where T is the last
observation for 2010.

Figures 2.5 and 2.6 plot the estimate of the interaction coefficients :
p1: in equation (2.2) and show that the identifying assumption of common
pre-trends is satisfied. Both indicators are on a common trend before the
start of the policy in 2006. However, there is only one year of satellite data
before the start of the policy, because NASA only launched the satellite in
late 2004. Figure 2.7 zooms in on the satellite data and plots the estimates
for i p1. estimated on monthly satellite data. While there is more noise
in the monthly data, there are common pre-trends before the start of the
policy, as illustrated through the vertical grey lines. Table 2.3 shows the
corresponding estimates.

The official SO, emissions data also show a clear deviation from the pre-
trend at the start of the policy, lending further support to the identification.
SO, emissions decrease immediately and linearly until the end of the 11th
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Figure 2.6 Dynamic treatment effects: SO5 satellite data. The solid line plots the
point estimate for yearly coefficient estimates of the interaction coefficients 3 1,
in Equation (2.2) for the NASA SO satellite data. The dashed lines show the 95%
confidence bands, based on heteroskedasticity-robust standard errors clustered at
the province-level. The excluded time period ¢ = 1 is the year 2005. The vertical
line at 2006 marks the start of the policy and the vertical line at 2008 marks the
start of SO, monitoring.

FYP. On the other hand, a look at the SO, satellite data paints a different
picture: SO, pollution does not go down for provinces with a higher reduc-
tion target when the central government cannot monitor SO,. After 2008,
the satellite data show a distinct drop in SO, pollution. Taken together, I
find the following: (i) there is possible misreporting of SO, emissions dur-
ing the first two years of the 11th FYP when the Chinese government lacks
the ability to properly monitor SO, emissions. (ii) once the government
gains the ability to monitor, rhetorical compliance turns into real compli-
ance and SO» pollution is reduced. Ultimately, the policy worked.

Heterogeneous treatment effects based on initial pollution levels
Where do the improvements in air pollution take place? Figure 2.2 shows
a large heterogeneity in the location of SO, pollution across provinces.
Sichuan, for instance, suffers from a pollution hotspot towards the East,
and enjoys comparatively lesser pollution in the Western part of the province.
The NASA satellite data allow me to exploit this heterogeneity to ask whether
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Table 2.3 The effect of the policy for each year of the 11th Five-Year Plan (2006-

2010)

SO2 Emissions Satellite SO2 Selected Sat. SO2

(Kt) (Dobson Units) (Dobson Units)
2002x Excluded - -
Reductiontarget
2003x -0.32 - -
Reductiontarget (3.93)
[0.93]
2004x 0.30 - -
Reductiontarget (3.64)
[0.93]
2005x% 2.17 Excluded Excluded
Reductiontarget (4.04)
[0.66]
2006x 0.94 -0.00 0.00
Reductiontarget (4.08) (0.00) (0.0D
[0.86] [0.93] [0.94]
2007x% -2.27 0.01 0.01
Reductiontarget (3.70) (0.00) (0.0D)
[0.62] [0.21] [0.29]
2008x -6.40 -0.01 -0.01%**
Reductiontarget (3.69) (0.00) (0.0D)
[0.14] [0.11] [0.00]
2009x% -9.67%* -0.01** -0.02**
Reductiontarget (3.79) (0.00) (0.00)
[0.02] [0.02] [0.01]
2010x -11.41%%% -0.02%** -0.03%**
Reductiontarget (3.89) (0.00) (0.00)
[0.00] [0.00] [0.00]
Province FE N4 N4 v
Mean dep. var. 739 0.37 0.72
Observations 279 186 186
Provinces 31 31 31
R? 0.98 0.96 0.93
Note. Heteroskedasticity-robust standard errors clustered at the

province level are shown in parentheses. Wild bootstrap p-values
from 1000 repetitions clustered at the province level are shown in
square brackets. The yearly interaction coefficients are estimates
for zl f1: in Equation (2.2), while "Excluded’ is the omitted time pe-
riod. Note that the SO, reduction started in 2006 while government
monitoring of SO, pollution became effective in 2008. #=p < 0.01,
*xp < 0.05, #p <0.1.
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Figure 2.7 Dynamic treatment effects: SO satellite data (Monthly). The solid line
plots the point estimate for monthly coefficient estimates of the interaction coef-
ficients 3 i p1: in Equation (2.2) for the NASA SO, satellite data. The dashed lines
show the 95% confidence bands, based on heteroskedasticity-robust standard er-
rors clustered at the province-level. The horizontal grey lines plot the average
of the point estimates of the interaction coefficient in the pre-period (2005), the
period without monitoring (2006-2007) and the period with monitoring (2008-
2010). The excluded time period ¢ = 1 is January 2005. The vertical line at 2006
marks the start of the policy and the vertical line at 2008 marks the start of SO,
monitoring.

the effect of the SO, pollution reduction target in the province differs de-
pending on the initial level of pollution. To answer this question, I map the
SO, satellite data to the county-level, yiedling 2,638 cross-sectional units.
For each county, I measure its mean SO, pollution for 2005 relative to all
other counties within the same province. This information is captured in
a variable that takes the value of 1 for counties in the lowest quartile of
initial pollution within their province, up to a value of 4 for counties that
have the highest initial pollution. I then re-estimate the DID specification
from Equation (2.1) at the county level on each subsample along the dis-
tribution of initial pollution. As above, statistical inference relies on het-
eroskedasticity standard errors at the province-level and t-statistics from a
wild bootstrap procedure with 1000 repetitions. I expect to find no effects
for the lowest quartile, because initial pollution in these counties is below
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0.2 Dobson Units on average, making further air quality improvements un-
likely. Furthermore, for the same precision of data, a nominally smaller
effect is harder to detect statistically, making it more likely to find a signifi-
cant effect the higher the initial level of pollution.

The results in Table 2.4 confirm that this is the case. As expected, SO2
reductions in response to the targets mainly take place in the higher two
quartiles of the initial distribution, though only the most polluted quartile
is statistically significant. This reproduces the baseline results, where the
effect only turned statistically significant for the sample of polluted cities
due to noise. The effect size for the two highest quartiles is a 9.4% and
9.9% decrease in SO, pollution per one standard-deviation increase in the
stringency of the reduction target, respectively.

Robustness checks for identification Firstly, I show that the neither the
cost nor the welfare impact at the margin correlates with the SO, reduction
targets. To test this, I use the following empirical specification:

Ypt = Po + P1Reductiontarget, x D(Post); + f2X, X D(Post),
+ B3Reductiontarget, + f4X;, + D(Post); + ap + Uy (2.3)

where X, is either a province-level measure of (i) the marginal abatement
cost or (ii) the ratio of marginal abatement benefits to marginal abatement
cost. Specific details for the construction of those measures are provided in
Section 2.6. In a nutshell, my approach is this: I compute detailed marginal
abatement cost curves for SO, for each province in China, based on a reli-
able set of micro data on the cost and abatement potential of fine-grained
polluting activities. The marginal benefits from reducing air pollution are
based on a back-of-the-envelope calculation that follows Oliva (2015) and
evaluates health improvements based on the value of a statistical life.
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Table 2.4 Heterogeneous treatment effects depending on initial pollution levels

SO2 Satellite Data
Quartile 1 Quartile 2 Quartile 3 Quartile 4

Reductiontarget 0.0004 -0.0032  -0.0082 -0.0119*
x D(Post) (0.0028) (0.0030) (0.0055) (0.0053)
[0.93] [0.41] [0.26] [0.07]
Reductiontarget 0.0311%** 0.0248*** (0.0224*** 0.02107%**
(0.0023) (0.0025) (0.0046) (0.0044)
[0.00] [0.00] [0.00] [0.00]
D(Post) 0.0356* 0.0328 0.0382 0.0293
(0.0178) (0.0173) (0.0274) (0.0365)
[0.06] [0.10] [0.26] [0.47]
Province FE v v v v
Effect size -1.5% 5.8% 9.9% 9.4%
(% of mean/o)
Observations 47,376 47,592 47,016 48,096
Provinces 31 31 31 31
R-squared 0.54 0.60 0.59 0.61

Note. The table reports estimates for Equation (2.1) at the county-
yearmonth level for different subsamples. Quartile marks the quar-
tile of initial based on its 2005 SO, pollution, calculated from SO,
satellite data, relative to the mean SO, pollution within the same
province. Heteroskedasticity-robust standard errors clustered at the
province level are shown in parentheses. Wild bootstrap p-values
from 1000 repetitions clustered at the province level are shown in
square brackets. = x #p < 0.01, = p < 0.05, =p < 0.1.
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Table 2.5 Controlling for marginal abatement cost and marginal welfare impact

S02 Emissions

SO2 Satellite

Sel. Satellite SO2

(Kt) (Dobson Units) (Dobson Units)
Reductiontarget -6.26** -6.15***  -0.0057 -0.0058 -0.0116* -0.0117%*
x D(Post) (1.62) (1.63) (0.0040) (0.0041) (0.0050) (0.0051)
[0.01] [0.00] [0.23] [0.23] [0.06] [0.04]
Reductiontarget 0.33 1.33 0.0214*** 0.0364*** 0.0252%** 0.0461%**
(1.36) (1.44) (0.0067) (0.0055) (0.0077) (0.0062)
[0.81] [0.22] [0.00] [0.00] [0.00] [0.00]
MAC 0.01 -0.0000 -0.0000
x D(Post) (0.02) (0.0000) (0.0000)
[0.55] [0.90] [0.19]
MAC -0.12%%* -0.0003*** -0.0003***
(0.02) (0.0000) (0.0001)
[0.00] [0.00] [0.00]
MAC/MAB -0.59 0.0001 0.0009
x D(Post) (0.61) (0.0015) (0.0016)
[0.45] [0.90] [0.39]
MAC/MAB 0.71% 0.0053*** 0.0068***
(0.60) (0.0011) (0.0012)
[0.08] [0.00] [0.00]
D(Post) 99.97** 113.20***  0.0492 0.0470* 0.0992** 0.0753*
(21.02) (20.20) (0.0316) (0.0271) (0.0465) (0.0395)
[0.02] [0.00] [0.11] [0.08] [0.03] [0.07]
Province FE Vv v v v Vv v
Observations 279 279 186 186 186 186
Provinces 31 31 31 31 31 31
R?2 0.96 0.96 0.90 0.90 0.84 0.84

Note. Heteroskedasticity-robust standard errors clustered at the province level are shown in parenthe-
ses. Wild bootstrap p-values from 1000 repetitions clustered at the province level are shown in square
brackets. The table reports the results from estimating Equation (2.3). MAC refers to the marginal
abatement cost given the actual SO, reduction target and MAC/MAB is the ratio of the marginal abate-

ment benefits to the marginal abatement cost. # % %p < 0.01, = % p < 0.05, =p < 0.1.



Table 2.5 shows that the estimates for o are O and that the estimates
for p; are nearly identical to those in Table 2.2. Neither the marginal abate-
ment cost by themselves nor the marginal abatement benefits change the
estimated effect of an SO, reduction target.

Secondly, I find that there is no relationship between the economic
downturn in the Great Recession and the stringency of a province’s SO,
reduction targets. If this were the case, my results could be confounded
because a slowdown in economic activity could go hand in hand with a
reduction in SOy pollution. It is important to note that even though China
experienced a slowdown in growth in 2009, this was only a decrease in
growth rates. Even in 2009, there are only 3 provinces with a growth rate
below 5%, and the growth rate for those provinces is still positive. To check
whether the 2009 downturn is correlated with the SO, reduction targets,
I compute the magnitude of the downturn as the deviation in the average
of the growth rates for 2002-2007 for each province. I find that there is
no relationship between the magnitude of the recession and the reduction
targets in a province. This is because different provinces with similar re-
duction targets experienced rather different deviations from their long term
growth rates in 2009, and overall there is no statistically significant correla-
tion between SO, reduction targets and the downturn. A linear regression
with standard errors clustered at the province level finds a best fit with a
p-value of 0.31 (these results are shown in Figure 2.A.1 in Appendix 2.A).
The Great Recession can therefore not explain the decrease in SO, pollution
from 2008 onwards.

2.5.3 The effect of monitoring

This subsection provides suggestive evidence that the difference between
the official SO, emissions data and the SO, satellite data before 2008 is
driven by the government’s newly-gained ability to monitor SO, pollution.
Firstly, it is important to note that the difference between the NASA satel-
lite data and the official SO2 data starts growing in 2006 and spikes in
2007. From 2008 on, the difference shrinks again to less than the initial
levels and stays there by 2010. Secondly, this spike is related to the SO2
reduction targets: the interaction between the year dummy for 2007 and
the reduction target of a province from estimating Equation (2.2) is posi-
tive, albeit only significant at p=0.08 for the cluster-robust standard errors
or p=0.13 for the wild bootstrap procedure. Both analyses are shown in
Figures 2.A.2 and 2.A.3 in Appendix 2.A
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I estimate heterogeneous treatment effects by splitting the sample into
provinces for which misreporting before 2008 is more likely than for others.
Factors that influence the propensity of regulated provincial governments
to take advantage of lacking monitoring and to misreport untrue pollution
improvements initially can be grouped into: (i) technological factors that
determine the cost of abatement; (ii) socioeconomic factors, such as popu-
lation density that determine the benefits of abatement; and (iii) the career
concerns of provincial leaders themselves. I provide evidence for all three
categories.

I construct detailed marginal abatement cost curves (Section 2.6) and split
provinces into those where the marginal abatement cost is high given the
actual reduction targets. Marginal abatement costs range from 170€/tSO,
(Gansu) to 660€/tSO, (Heilongjiang). My hypothesis is that those provinces
with higher abatement costs will have a higher incentive to misreport in the
first period. Next, I compute the marginal benefits for each province and
split the sample into two groups according to their welfare impacts. Fi-
nally, I use data on party secretaries from Persson and Zhuravskaya (2016)
to identify provinces led by politicians with career concerns. I hypothesize
that provinces with leaders in the last term in office or with more local ties
are less career concerned will engage in less misreporting when the gov-

ernment cannot monitor real compliance!?.

The following triple-differences specification interactions the reduction tar-
get with an indicator variable that takes on the value of one for the subsam-
ple with more likely misreporting according to the hypotheses discussed
above. In this way, I can test whether the likely reason that explains why
compliance becomes real in 2008 is in fact the government’s ability to mon-
itor SOy pollution outcomes. I restrict the sample to the years until 2008
since this test concerns only the subperiod during which the government
cannot monitor SOy pollution.

Ypr =Po + P1Reductiontarget, X D(Post); + faReductiontarget, + f3D(Post);
+ B4H, + PsReductiontarget, X H, + feH, X D(Post),
+ fB7Reductiontarget, X D(Post); X Hy, + o, + tp; 2.9

In this specification, H, is an indicator that takes the value 1 for those
provinces more likely to engage in misreporting when the government can-

12According to Persson and Zhuravskaya (2016), politicians with local ties are more
prone to contributing to local public goods.
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Table 2.6 The effect of monitoring: Overview

Upt Misreporting Misreporting  Hypothesis
Unlikely Likely

SO2 emissions /3A1 [?1 + [3A7 /3A7 <0

SO2 satellite data b1 b1+ By b7 >0

Normalized difference iR b1+ By b7 >0

Note. This table provides an overview on how to interpret the es-
timated effect of the SO, reduction target for each province from
separate estimations of Equation (2.4) for both the official SO, emis-
sions indicator and the SO satellite data. The sample runs through
the first policy period until 2008 when the government could not
monitor SO, emissions. The column labelled "hypothesis’ captures
the ex ante expected coefficient for the triple interaction term under
the hypothesis of misreporting. ’'Normalized difference’ captures
the difference between the SO, satellite data and the SO, emissions
data, both normalized to 2005 levels.

not monitor compliance. The interpretation for the causal effect of a higher
reduction target is the estimate for f; for the subgroup unlikely to misre-
port, and the estimate for f; + 7 for the subgroup likely to misreport.

I estimate this specification for both outcome variables and for the nor-
malized difference between both outcome variables. This yields 6 different
point estimates for the effect of a higher reduction target (3 for the different
outcomes, 2 for each subgroup). Table 2.6 illustrates this. My hypothesis is
that for the subsample of provinces more likely to engage in misreporting,
the drop in official SO, emissions is greater, which implies that £ > f1 + f7,
which is equivalent to 7 < 0. For real compliance measured by SO satel-
lite data, my hypothesis is that the provinces more likely to misreport will
reduce pollution less, implying ﬁAl < ﬁAl + [3}, which is equivalent to [3} > 0.

I repeat this procedure for all different ways of splitting the sample.
The results are shown in Table 2.7 and provide only mixed evidence that
provinces with a higher incentive to misreport do so. Judging from the
signs of the estimated coefficients, it is possible that provinces with leaders
who are subject to career concerns report higher SO, emission reductions,
but lower real SO, improvements. The evidence for misreporting based
on the cost and benefits from abatement is more mixed: SO5 emission
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Table 2.7 The effect of monitoring: Evidence

Misreporting likely v, i

due to

Significance £,

Career concerns

SO2 emissions -0.17
SO2 satellite 0.008
Normalized difference 0.025

Marginal abatement SO2 emissions -3.08

cost

Marginal welfare
impacts

SO2 satellite -0.009
Normalized difference 0.008

SO2 emissions 7.64
SO2 satellite 0.002
Normalized difference 0.002

p=0.99
p=0.38
p=0.35

p=0.52
p=0.29
p=0.34

p=0.13
p=0.80
p=0.86

Note. The table shows the estimated effect of the SO, reduction tar-
get for each province from separate estimations of Equation (2.4).
The outcome variables are the official SO, emissions indicator, the
SO satellite data as well as the 'Normalized difference’, which cap-
tures the difference between the SO, satellite data and the SO, emis-
sions data, both normalized to 2005 levels. The sample is for the
first policy period until 2008 when the government could not mon-
itor SO, emissions. The significance of £y is the p-value using wild
bootstrap p-values from 1000 repetitions clustered at the province

level.
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changes are higher for provinces with higher abatement cost, but lower
for provinces with a higher marginal welfare impact. The normalized dif-
ference between both data sources is positive for all three hypotheses of
misreporting. It is important to note, however, that the interaction coeffi-
cient fs is never significant due to the low number of cross-sectional units,
making these results suggestive rather than definite. Subsection 2.5.5 be-
low therefore compares my empirical findings to recent research on water
pollution control in China to better understand the effect of monitoring on
pollution outcomes.



2.5.4 Reactions by the regulated agents in response to
the targets

This subsection provides evidence into the responses by the regulated agents.
Two facts stand out from the empirical analysis above. On the one hand,
regulated provincial governments likely misreport the desired emissions
data when the central government cannot monitor them. On the other
hand, my analysis shows that the SO, reduction control policy was ulti-
mately successful in reducing air pollution. Provincial governments thus
reacted along two margins. They appeared to bring down air pollution
through rhetorical compliance initially, and switched to real compliance to-
wards the end of the policy.

Rhetorical compliance As shown above in Table 2.3, the effect of the
reduction targets has a different sign when comparing the official SO,
emissions data and the NASA SO, satellite data before 2008. Given that
the SO, satellite data move closely with real SO, emissions (see Section
2.4), this suggests initial misreporting of data. This subsection investigates
whether this misreporting was accompanied by further political rhetoric by
the provincial governments. In particular, I test whether the provincial gov-
ernments changed their political rhetoric in response to the SO, reduction
control targets. To do so, I estimate versions of Equation (2.2), using dif-
ferent counts of keywords as outcome variables. Firstly, I use the overall
number of keywords related to air pollution in each government work re-
port. Figure 2.8 plots the estimates for the yearly interaction coefficients
p1:. It shows that provinces that received a higher SO, reduction target
show a distinct increase in their political rhetoric on air pollution, both
when analyzing the full government work report (left panel) and when
looking at the part of the report that contains statements about work done
in the preceding period (right panel).

Next, I zoom in and split political statements into those on work done
in the preceding year and those related to projects for the year to come.
The right panel in Figure 2.8 shows that the increase is most pronounced
in the period before the central government had the capacity to monitor.
Provincial governments that received a higher SO, reduction target claim
past work on projects related to air pollution in 2007, thus exploiting the
central government’s inability to monitor SO- initially. That is, a higher SO,
reduction target induces provinces to claim work on air pollution in 2006.
Political statements relative to future work on air pollution also increase
with the SO, reduction targets, although the evidence is less stark.
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Figure 2.8 Dynamic treatment effects: rhetorical compliance. The solid line plots
the point estimate for yearly coefficient estimates of the interaction coefficients

p1: in Equation (2.2) for the overall number of keywords related to air pollution i in
a province-year government work report for (i) the full report (left panel) and (ii)
only for the part of the report that reports on work done in the period preceding
the report (right panel). The dashed lines show the 95% confidence bands, based
on heteroskedasticity-robust standard errors clustered at the province-level. The
excluded time period ¢ = 1 is the year 2002. The vertical line at 2006 marks the
start of the policy and the vertical line at 2008 marks the start of SO, monitoring.

Finally, Table 2.8 summarizes these results based on estimating Equa-
tion (2.1) on the political attention variables to find that: (i) political at-
tention to air pollution increases with target stringency, and (ii) statements
about past work on air pollution peak in the period in which the govern-
ment could not monitor SO,'3. As shown through the comparison of results
from the official SO, emissions indicator and NASA satellite data, however,

13Table 2.8 includes a robustness check to further show that my estimates on rhetorical
compliance are meaningful. This test involves estimating the effect of the SO, reduction
targets on closely related, yet different placebo outcomes that should not be affected by
the SO, reduction targets. The 11th Five-Year Plan (2006-2010) included goals to increase
China’s forest cover from 18.2% to 20% and to extend the coverage of rural medical
care from 23.5% to 80%. To measure the political attention towards these policies, I use
the count of forest’ and of 'medical care’ in the government work reports as dependent
variables for the falsification test. Results based on these outcomes using the specification
in Equation (2.1) are reported in the columns 'Placebo Outcomes’ in Table 2.8. As in
the case of the keywords related to air pollution, both keywords are mentioned more
often during the 11th Five-Year Plan (2006-2010) than before. Provinces that received a
higher SO reduction target, however, do not talk more about either topic. This strongly
suggests that governments of provinces with higher reduction targets do not mimic the
Central government’s political agenda in their own statements in general. Instead, they
specifically change their political communications in response to the SO, reduction targets.
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Table 2.8 Reactions by the regulated agents in response to the targets

Political attention to air pollution

All statements Past period Future period

Placebo outcomes
"Forest’ "Medical care’

Reductiontarget 0.07* 0.03** 0.04** -0.12 0.02
x D(Post) (0.02) (0.01) (0.02) (0.07) (0.07)
[0.08] [0.03] [0.03] [0.31] [0.79]
Reductiontarget -0.01 -0.00 -0.00 -0.07  0.35%**
(0.03) (0.02) (0.02) (0.10) (0.07)
[0.74] [0.66] [0.78] [0.40] [0.00]
D(Post)  1.19%** 0.48** 0.71** 3.59**  5.68***
(0.24) (0.13) (0.16) (0.96) (0.79)
[0.00] [0.01] [0.01] [0.04] [0.00]
Province FE v v v v v
Effect size 30.9% 29.6% 31.5% -7.2% 1.2%
Observations 274 273 273 274 274
Provinces 31 31 31 31 31
R? 0.51 0.42 0.43 0.69 0.52

Note. Heteroskedasticity-robust standard errors clustered at the
province level are shown in parentheses. Wild bootstrap p-values
from 1000 repetitions clustered at the province level are shown in
square brackets. The effect size gives the estimated coefficient of
the interaction term f; in Equation (2.1) as percentage of the mean
of the dependent variable for a one standard deviation(o)-increase
in the SO, reduction target. = xp < 0.01, * * p < 0.05, #p < 0.1.

SO, pollution during that period did not improve.

Taken together, my empirical findings suggest that the provincial gov-
ernments exploit the central government’s inability to monitor along two
margins: they likely misreport the desired SO, emissions data, and they
back up the misreporting through rhetorical compliance in their public po-

litical statements.

Real compliance As shown above, the SO, reduction targets worked in
reducing SO, pollution significantly from 2008 onwards. Based on my own
calculations of the marginal cost of SO, emissions abatement (see Section
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2.6), the installation of desulfurization devices in existing industrial and
power plants, fuel-switching to better quality coal, and the shutdown of
small, inefficient thermal units are the main margins by which the provin-
cial governments could reduce SO, emissions over relatively short time
horizon of 5 years. I provide evidence on the last two channels.

The data on the installation of scrubbers include both the capacity of the
desulfurization equipment as well as the timing of its installation in each
province. Figure 2.9 shows that while provinces with a higher SO, reduc-
tion targets installed more desulfurization devices on average, that effect is
not statistically different from zero. Figure 2.10 computes the skewness of
the timing of the installation of the scrubbers between the years 2006 and
2010 and correlates it to the SO, reduction targets at the province level.
As can be seen, provinces with a higher SO, reduction target did not install
scrubbers earlier than other provinces. The data on the shutdown of small,
inefficient thermal units shows a much clearer picture. Figure 2.11 shows
that the higher the reduction target, the higher the capacity of small ther-
mal units shut down by 2010. Shanghai and Beijing are the exception to
this rule, most likely because they already shut down inefficient plants in
the past.
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Figure 2.9 Real compliance: Installation of desulfurization devices. This graph plots
the relationship between the SO, reduction target and the planned installation of
desulfurization devices at the province level. The solid line fits a linear regression
with slope parameter b=0.66 and p=022 computed from standard errors clustered
at the province level.
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Figure 2.10 Real compliance: Timing of desulfurization device installation. This
graph tests whether provinces with a higher reduction target installed the planned
desulfurization devices earlier. The vertical axis shows the skewness for each
province of the 5 yearly observations from 2006-2010, where the weight is the
capacity (in 10,000 KW) of planned desulfurization devices in each year. The solid
line fits a linear regression with slope parameter b=-0.01 and p=0.56 computed
from standard errors clustered at the province level.
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Figure 2.11 Real compliance: Shutdown of small thermal units. This graph plots the
relationship between the SO, reduction target and the decommissioning of small
thermal units at the province level. The solid line fits a linear regression with slope

parameter b=12.72*** and p=0.004 computed from standard errors clustered at
the province level.
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2.5.5 Interpretation of the empirical findings

This section puts my empirical findings into context. My findings suggest
the importance of the government’s monitoring to achieve compliance with
the pollution control regulation. As explained above, the 2008 institutional
shift in environmental governance can be summarized as bringing about
radical improvements in SO, monitoring through a number of changes:
most importantly, the gathering of air pollution data was taken from the
provincial governments and directly done under the auspices of the newly
created Ministry of Environmental Protection (State Council, 2007). More-
over, there was a 17% increase in the number of monitoring officials (Song
et al., 2015), and continuous, automatic on-site tracking of SO, emissions
for key polluters was started in each prefecture (Ministry of Environmental
Protection of the People’s Republic of China, 2008a,b). Those changes hint
at the key role for monitoring in achieving compliance.

A comparison to findings from contemporaneous research strengthens
this conclusion: Kahn, Li, and Zhao (2015) study water pollution control in
China during the 11th Five-Year Plan (2006-2010). That is, they estimate
the effect of a pollution control policy for the same country, time period
and institutional setting. Their setting differs in one crucial aspect, how-
ever: the central government had access to high-quality monitoring data
for water pollution from the start. A comparison to their findings can thus
shed light onto the effect of monitoring on compliance.

In Table 4 (Panel A), Kahn, Li, and Zhao (2015) estimate yearly treat-
ment effects for the effect of the water pollution control policy. Their find-
ings show a pattern that is very different from my findings along two char-
acteristics: (i) real compliance is immediate and statistically different from
zero for all years (excepting 2009) and (ii) the yearly effects are of a similar
magnitude throughout. Given that the salient difference to my setting is the
government’s ability to monitor pollution already in 2006 and 2007, this
comparison provides further evidence that information is the likely channel
that explains the behaviour by the provincial governments until 2008 and

the lack of real compliance!#.

4Relatedly, Stavins (1998) mentions that ’the SO, program has also brought home the
importance of monitoring and enforcement provisions’ in the US experience of SO, pollu-
tion control, lending further support to my empirical findings.
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2.6 Instrument choice and gains from trade

In this section I address two questions on the evaluation of policy design:
what is the welfare-optimizing allocation of targets across provinces? And:
what are the welfare gains from trade associated with moving from the ac-
tual allocation to the welfare-optimizing allocation?

As discussed in the Introduction, both types of question have been stud-
ied for the US (Carlson et al., 2000; Oates, Portney, and McGartland, 1989).
That research has shown that the efficiency of different policy instruments
is an empirical question. It will depend, among other things, on whether
the command-and-control regulation is designed in an enlightened way
that takes the cost of pollution abatement into account. Whether China’s
flagship air pollution control regulation has been cost-efficient is there-
fore a question of great interest. It is also of immediate policy-relevance:
The Economist hypothesized that China relies too much on command-and-
control regulation (The Economist, 2013).

In this section, I construct detailed marginal abatement cost (MAC)
curves for SO, at the province level for China. I use these SO, MAC curves
to predict the counterfactual cost-efficient allocation. In this way, I can as-
sess whether the actual command-and-control regulation was enlightened
and took into account the cost of abatement. Furthermore, I can quantify
the efficiency gains from trade from moving from the actual allocation of
reduction targets compared to the cost-efficient allocation. As noted by
Stavins (2003), cost might be the best measure to assess policy efficiency.
Finally, I compute a back-of-the-envelope measure for the marginal bene-
fits of SO, abatement at the province level to study whether the gains from
trade based on cost alone are driven by omitting the benefits of reducing
air pollution.

2.6.1 Construction of the marginal abatement cost curves

Data I use a rich set of micro data on SO, emissions and abatement costs
in each province in China at a very detailed level. These data are compiled
by the ITASA research institute for use as input into their GAINS model
for China (on the model, see IIASA, 2010a, IIASA, 2010b, Klimont et al.,
2009). These data rely on a variety of sources of two kinds: common data,
that are used across different countries and rely on the assumption of free
international markets in abatement equipment, and country-specific data.
Common data include the unit investment cost for technologies, fixed costs
of operation, and the amount of input factors needed for some of the vari-
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able cost components. These data have been compiled and updated by
IIASA for several decades on the basis of expert meetings at the UN (AP
EnvEcon, 2010).

Country-specific data, on the other hand, include a detailed breakdown
of China’s industrial structure: the type and size of polluting installations,
the facility operating conditions, national fuel consumption data, prices of
inputs (labour, electricity, fuel cost) as well as unabated emission factors
and removal efficiencies (AP EnvEcon, 2010). The local data are com-
piled by ITASA experts in collaboration with local experts from the Chinese
Energy Research Institute in Beijing and Tsinghua (Purohit et al., 2010).
These data are combined into unit cost estimates per technology, as well as
abatement potentiall®.

The data give a detailed breakdown of all SO, emission sources for each
province, split into different sectors (such as the combustion of coal) that
use different fuels (such as gas or low-sulfur coal) and each of which has
different abatement technologies at its disposal (such as limestone injec-
tion). Each of the abatement technologies is characterised by a unit cost of
abatement (in €/tSO3) and its abatement potential (i.e. how much would
the emissions factor of the current sector-fuel combination be lowered
when switching to the abatement technology). To illustrate, one abate-
ment technology would be the use of limestone-injection (abatement tech-
nology) in a modern coal-fired power plant (fuel and sector) at the cost of
515.38€/tS0O, (unitcost of abatement).

Construction of the MAC curves To construct the MAC curve for one
province, I follow a two-step procedure. First, I rank each abatement option
by the unit cost of abatement within each sector and fuel. Second, I abate
SO, emissions within each sector and fuel in increasing cost order across the
Province. Figure 2.12 shows two examples, Beijing and Sichuan, to illus-
trate the large heterogeneity in marginal abatement cost across provinces
(Appendix 2.B contains the MAC curves for each province). In contrast to
many MAC studies, I do not rely on a top-down model but base the cost es-

15The data on the cost of abatement are thus not purely engineering estimates, as they
rely on the real cost of abatement in different countries. Rather than being a lower bound
on the cost of abatement, they are more likely to be an upper bound: cheaper local inputs
and China’s capacity for scale will likely allow for cheaper abatement. This explains why
the cost estimates for China can slightly differ from estimates for the US. The use of MAC
estimates from revealed-preference settings such as Meng (Forthcoming) and Gosnell, List,
and Metcalfe (2016) would therefore be desirable, but no such estimates are available for
China or at the required level of comprehensiveness.
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Figure 2.12 Marginal abatement cost curve examples. This graph shows the
marginal SO, abatement cost curves for Beijing and Sichuan in 2005. The hor-
izontal axis lists the abatement intensity relative to the 2005 SO, emissions level.

timates entirely on data, and I am the first to provide complete MAC curves
on Chinese provinces in this way.

Consistency checks To check that my data represent the official Chi-
nese data well, Figure 2.13 shows the average ratio between the GAINS SO,
emissions and the official MEP SO, emissions as a function of the province’s
level of emissions: the overall fit between my data and the MEP data is good
(correlation: 85.9%) and fairly stable across provinces, except for two out-
liers with very low emissions: Tibet and Hainan. Overall, the GAINS data
report higher emissions for all provinces than do the official data. This is in
line with the literature in atmospheric science that has found that GAINS
data tend to be more comprehensive and slightly overpredict official SO,
data sources, which is possibly due to differing assumptions on the distri-
bution of fuel consumption across sectors (Klimont et al., 2009) and the
fact that official MEP statistics lack rural pollution sources and biofuels (Lu
et al., 2010).

Additionally, there is a drawback in using detailed SO, emissions data
at the microlevel: the detailed breakdown across sectors does not allow me
to compute the cost of moving activity across sectors (such as moving elec-
tricity generation from coal-fired power plants to wind turbines). In other
words, these data limitations make it necessary to assume scrappage cost
and imperfect substitution across sectors in the short run. Given the 5-year
horizon of the policy, however, I feel that this is a reasonable assumption to
make.
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Figure 2.13 Consistency of SOy marginal abatement cost data and official data. This
graph shows the ratio of the SO, emissions data underlying the construction of
the marginal abatement cost curve (from IIASA's GAINS model) and the official
SO, emissions data from the Ministry of Environmental Protection for the year
2005 on the vertical axis. The datapoints are ordered according to the official SO,
emissions level on the horizontal axis. The raw correlation between both data
sources is 85.9%.

2.6.2 The cost-efficient counterfactual allocation of SO,
reduction targets

In this subsection, I compute the counterfactual allocation of SO reduction
targets across provinces for the cost-efficient policy. I pool the province-
level microdata and construct the SO, marginal abatement cost curve at
the national level for China. As shown in Figure 2.14, marginal abatement
cost is relatively flat until an abatement level of 35% of 2005 SO emissions.
Up until this abatement level, the cost of SO, abatement at the margin is
less than 500€/tSO,. Beyond ca. 45% of 2005 SO, emissions, however,
the picture changes and the cost of abatement rises rapidly. Beyond 50%,
abatement becomes prohibitively costly.

Figure 2.14 also shows the counterfactual marginal abatement cost for
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Figure 2.14 SO, marginal abatement cost curve for China. This graph shows the
marginal SO, abatement cost curve for China in 2005. The horizontal axis plots
the abatement intensity relative to the 2005 SO, emissions level. The vertical line
at an abatement level of 10% illustrates the 10% national SO5 emissions control
target for China as a whole. Its intersection with the marginal abatement cost
curves shows that the counterfactual marginal abatement cost for this abatement
level is 338€/tS0,.

the national SO, reduction target of 10%, given by the intersection between
the vertical line at 10% and the MAC curve. At an abatement level of 10%,
the cost-efficient allocation of SO, reduction targets would have led to a
marginal abatement cost of 338€/tSO,. This figure is the counterfactual
marginal cost of the Chinese government’s SO, emissions control strategy
had the central government distributed the provincial reduction targets in
a cost-optimal way:.

The intersection of the marginal abatement cost curve for China as
a whole with the 10% national abatement level also produces the cost-
efficient allocation of SOy reduction targets across provinces. Figure 2.15
shows that this allocation is far more skewed than the distribution of tar-
gets that was actually used in the 11th FYP. The actual allocation already
ranges from targets of 0% to 25.9%, but is approximately uniformly dis-
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Figure 2.15 The cost-efficient allocation of SO, reduction targets. This graph shows
the counterfactual cost-efficient allocation of SOy reduction targets under the 10%
SO, total control target of the 11th Five-Year Plan (2006-2010), shown in white
boxes. The three provinces with the highest targets under the cost-efficient al-
location are Sichuan, Shandong and Zhejiang. Solid grey boxes show the actual
allocation of reduction targets in comparison.

tributed within this range. The cost-efficient allocation, by contrast, is
more unequal. A small number of provinces would bear most of the re-
ductions. These provinces are Sichuan, Shandong, and Zhejiang. The in-
dustrial structure of these provinces allows for comparatively cheap instal-
lation of wet flue-gas desulfurisation in industry and power plants and the
use of more efficient combustion processes in refineries and steel sintering.

Based on the MAC curves, I find that the Chinese government did not
equate marginal abatement cost across space. Instead, the reduction tar-
gets favoured coastal provinces in the East even though abatement coasts
are higher at the margin. These results are shown in Table 2.9 and in Figure
2.A.6 in Appendix 2.A, which depicts the same data on a map that colours
the difference between the actual and the cost-efficient allocation. The ac-
tual allocation is consistent with a tale-of-two-cities story, in which China
would develop amenity-based consumer cities along the coast,
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Table 2.9 Actual and counterfactual SO, target allocations

Anhui
Beijing
Chongging
Fujian
Gansu
Guangdong
Guangxi
Guizhou
Hainan
Hebei
Heilongjiang
Henan
Hubei
Hunan
Jiangsu
Jiangxi
Jilin
Liaoning
Neimongol
Ningxia
Qinghai
Shaanxi
Shandong
Shanghai
Shanxi
Sichuan
Tianjin
Tibet
Xinjiang
Yunnan
Zhejiang

SO2 reduction target under different allocations

Cost-efficient

1.5
7.3
50.5
0.7
2.5
0.7
20
5.8
0
1.7
1.7
0.6
2.5
1
0.9
1.6
1.6
4.2
1.1
0.1
3.5
13.9
25.5
6.2
0.6
56.2
2.2
0
1.6
1.3
35.4

(in % of 2005 emissions)

8.3
22.9
0
0.7
0.8
48.3
0
0
0

1.3
35.4

Optimal

Actual

4
20.4
11.9
8
0
15
9.9
15
0
15
2
14
7.8
9
18
7
4.7
12
3.8
9.3
0
12
20
25.9
14
11.9
9.4
0
0
4
15

Difference between target allocations

2.5
13.1
-38.6
7.3
-2.5
14.3
-10.1
9.2
0
13.3
0.3
13.4
5.3
8
17.1
5.4
3.1
7.8
2.7
9.2
-3.5
-1.9
-5.5
19.7
13.4
-44.3
7.2
0
-1.6
2.7
-20.4

(in percentage points)
Actual - cost-efficient Actual - optimal Cost-efficient - optimal

-4.3
-2.5
11.9
7.3
-0.8
-33.3
9.9
15
0
14.9
2
13.9
-27.4
8
-7.3
5.4
3.1
12
3.8
9.3
0
12
19.4
19.7
14
11.9
-42.7
0
0
2.7
-20.4

-6.8
-15.6
50.5
0
1.7
-47.6
20
5.8
0
1.6
1.7
0.5
-32.7
0
-24.4
0
0
4.2
1.1
0.1
3.5
13.9
24.9

0.6
56.2
-49.9

1.6

Note. This table shows the SO, emissions reduction targets under each policy regime. ’Cost-efficient’
are the counterfactual targets for achieving the cost-efficient allocation given the national 10% SO, re-
duction target, ’Optimal’ are the counterfactual targets for achieving the welfare-optimizing allocation
given the national 10% SO, reduction target and ’Actual’ are the provincial reduction targets used in

the 11th Five-Year Plan (2006-2010).



while maintaining a base of polluting manufacturing in its interior (Kahn,
2006; Zheng and Kahn, 2013). Shanghai is a prime example for this: under
the cost-efficient allocation, Shanghai would have received an SO, reduc-
tion target of 6.2% on 2005 levels. The actual allocation, however, gave
Shanghai a reduction target of 25.9%, or more than four times the cost-
efficient target.

My findings show that actual command-and-control regulation that China
used to control SO, pollution in the 11th FYP was not cost-efficient. As sug-
gested by Oates, Portney, and McGartland (1989), command-and-control
regulation will only be efficient if it is designed in an enlightened fashion
by keeping an eye on the cost of abatement. Figure 2.16 shows that this
was not done by the Chinese government in 2005. There is no statisti-
cally significant relationship between the SO, reduction target a province
received under the 11th FYP and its abatement cost at the margin.

__ 7007 @ Tibet
(N I
(@) @ Heilongjiang
2
S 600-
w @ Beijing
()
o
£
2 500 ® Yunnan ® Henan
s
£ . ~ Fujian_ . . .~ Guizhou ) .
s Anhui@Neimongol 'N'nsxﬁanjin ° Llaonlng: gﬁggl’w’_glanqsu Shanghai ®
_g 400 JiangxiHUbe' ® Hunan Iangeoig
Q @ Shanxi
_8 ® Shandong
o 300 Sichuan
;_‘@ Chongding § shaanxi
© ® Zhejiang
2
4 ® Guangxi
G 200 Gansu
© Rigpiieg
T T T T T T
0 5 10 15 20 25

Reduction target (in % of 2005 Emissions)

Figure 2.16 Relation between MAC and SO, reduction targets. This graph shows
the lack of correlation between a province’s actual SO, reduction target in the
11th Five-Year Plan (2006-2010) and its marginal abatement cost at the level of
the target. The solid line fits a linear regression with slope parameter b=2.96 and
p=0.54 computed from standard errors clustered at the province level.
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2.6.3 A measure for marginal abatement benefits

My final aim is to quantify the gains from trade from moving from a command-
and-control regulation to a market-based allocation based on abatement
cost. Because China’s provinces differ markedly with respect to income lev-
els, population densities and initial pollution, it is important to not rely
exclusively on a measure of cost. I use the method employed by Oliva
(2015) to construct a back-of-the-envelope measure for the marginal abate-
ment benefits of reducing SO, pollution at the province level. This method
proceeds in 3 steps: (i) how does the SO, control policy change pollutant
concentrations?, (ii) what health effects do the changes in pollutant con-
centrations cause? and (iii) what is the monetary value of those health
effects?

(i) Changes in pollutant concentrations I use the results from Wang,
Jang, et al. (2010b), who use the CMAP modelling system (maintained by
the US Environmental Protection Agency) to simulate the ex ante effects of
the SO, reduction policy on concentrations of SO, and PMs 5. Their mea-
surements allow me to attribute changes in pollutant concentrations to the
SO, emissions reduction target of each province.

(ii) Health effects To convert the changes pollutant concentrations to
changes in health outcomes, I use dose-response estimates for PMy 5 and
SO, from Bombardini and Li (2016). They estimate an elasticity of infant
mortality rates of 0.9 to SO, and of 2.2 for PM5 5. I combine those estimates
with data on SO, and PM; 5 levels in 2005 from MEP and the China Energy
Databook (Fridley, Romankiewicz, and Fino-Chen, 2013) to approximate a
linear dose-response function for each pollutant.

I use the estimates from Bombardini and Li (2016) for two reasons:
firstly, they use an instrumental strategy approach to estimate a dose-response
function for the health effects of air pollution, thus correcting downward
bias from OLS estimates (due to migration, income effects and avoidance
behaviour). Additionally, their study is from China, from a recent period,
and includes consistent estimates for both SO, and PM, s, which are the
main pollutants that are affected by the SO5 reduction policy. The down-
side is that this restricts my focus on infant mortality when calculating the

benefits from reducing air pollution®®.

16Infant mortality, however, is likely to capture a first-order welfare effect. Matus et al.
(2012) calculate that 71.4% of all air pollution costs in China are health costs, and that
mortality captures over 85% of those health costs. Chen, Ebenstein, et al. (2013), in turn,
show that mortality impacts from TSP are strongest in infants. Evidence from Indonesian
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(iii) Valuation To convert the health damages into monetary values, I use
a baseline value of a statistical life (VSL) of 1 million yuan from World Bank
and State Environmental Protection Administration (2007). This value is
a midpoint between the VSL estimates from the reviewed studies ranging
from 0.24 to 1.7 million yuan'”. Following Hammitt and Robinson (2011),
I account for the income heterogeneity across Chinese provinces by adjust-
ing the central VSL estimate according to the income level in each province
using an income elasticity of VSL of one. This yields VSL estimates from
360,000 yuan (Guizhou) to 3,000,000 yuan (Shanghai).

I multiply these VSL estimates by the mortality numbers to compute the
benefit of reducing SO, emissions by 1 kt for each province. Since I employ
a linear approximation, the marginal benefits of abatement is constant!8.

Caveats I rely on an overly conservative measure of benefits by includ-
ing only infant mortality which may underestimate the true benefits and
lead to an underestimation of the welfare-optimizing level of SO, abate-
ment for China. However, this concern is muted in practice since even
my lower bound benefit measure suggests SO, abatement up until the pro-
hibitive marginal abatement cost ranges. Additional abatement benefits
at the margin would thus only have a negligible effect on the welfare-
optimizing abatement level. The advantage is that the dose-response func-
tions used are more precise for infants because low migration translates
into better knowledge of lifetime exposure to pollution, improving the con-
sistency of estimates across provinces.

The welfare-optimal SO, target allocation In a similar vein to the MAC
data, I use the combined data on both marginal cost and benefit to con-
struct marginal welfare impact curves. I combine the marginal abate-
ment benefit data with the marginal abatement cost data by dividing the
marginal abatement cost by the marginal abatement benefit to obtain a
measure of the marginal welfare impact of abatement. When this ratio is

wildfires in 1997 also points to large infant mortality effects from exposure to particulates,
mostly driven by prenatal exposure (Jayachandran, 2009). Greenstone and Hanna (2014)
also focus on infant mortality to evaluate the effect of pollution.

17VSL estimates for China are available for more recent periods (Ito and Zhang, 2016),
but to evaluate a policy from 2005 I prefer to use estimates from that period.

18For those provinces with a reduction target of zero, I find that the benefits are 0 or
nearly O, too. This is due to low initial pollution, low VSL estimates, and low popula-
tion numbers. The exception is Gansu, for which I compute the marginal benefits as the
average of its 5 nearest neighbours with respect to initial pollution, VSL estimates, and
population numbers.
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below one, benefits are larger than cost. Once this ratio exceeds one, costs
are higher than benefits. Figure 2.17 pools the province-level data to obtain
the marginal welfare impacts for China as a whole. The vertical dashed line
at 0.1 marks the 10% national SO, emissions control target of the 11th FYP.
The marginal benefits of abatement exceed the marginal cost of abatement
by more than 14 times at this abatement level'®. Again, there is no corre-
lation between a province’s SO, reduction target and the marginal welfare
impact of reducing SO, emissions (shown in Figure 2.A.5 in Appendix 2.A).

2.6.4 Gains from trade

Finally, I study the gains from trade of the two different policy instruments.
Gains from trade will be possible if the actual command-and-control regula-
tion used to allocate the SO, reduction targets in the 11th FYP was not done
efficiently. As I have shown above, this is the case. This subsection quan-
tifies these efficiency gains in terms of cost-efficiency. To further take into
account the heterogeneities across Chinese provinces, I construct a back-of-
the-envelope measure for the marginal benefits of air pollution abatement
to study the robustness of the findings based on pure cost-efficiency.

Table 2.9 shows that the cost-efficient and the optimal allocation differ
strongly for a number of provinces, most notably for Sichuan, Chongging,
Tianjin and Guangdong (right panel). This shows that moving from the
actual to the cost-efficient allocation does not necessarily present an effi-
ciency gain ex ante along both efficiency measure. Instead, the correlation
between the cost-efficient and the welfare-optimising allocation is slightly
negative, while the correlation between the actual and the cost-efficient
and optimal allocations is similar (29% vs 28%)2°.

Table 2.10 shows the gains from trade that are possible. Firstly, I fol-
low the literature Stavins (2003) and assess the gains from trade using the
cost efficiency measure. I find that moving from the actual allocation to
the cost-efficient allocation would decrease abatement cost by 49% at the

191t is also possible to predict the welfare-optimal allocation of SO, reduction targets
across provinces. These results are shown in Table 2.9 for comparison with the coun-
terfactual cost-efficient allocation. The distribution of targets is skewed similar to the
cost-efficient allocation. The provinces that would receive a higher reduction targets are
different, however. Tianjin, Guangdong, Zhejiang and Hubei would receive the highest
reduction targets. The exception is Shanghai, which would maintain its 6.2% reduction
target from the cost-efficient allocation.

201t is further possible to calculate other allocations such as achieving the 10% reduction
through the mandated use of scrubbers or with a 10% target for each provinces. Detailed
results from these calculations are available upon request.
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Figure 2.17 Marginal welfare impact of SO, abatement. This graph shows the ratio
of marginal abatement cost (MAC) to marginal abatement benefits (MAB) for SO,
for China in 2005. The horizontal axis plots the abatement intensity relative to
the 2005 SO, emissions level. The horizontal, longdashed line at 1 marks the
welfare-optimal level of SO, abatement (40.3%). The vertical, shortdashed line at
0.1 marks the ratio of marginal abatement cost to marginal abatement benefit for
the 10% SO, reduction target (0.07). Prohibitive cost ranges beyond a MAC/MAB
ratio of 3.5 not shown.

margin (from 658€/tSO, to 338€/tS0,). Secondly, I find that this conclu-
sion is robust to taking into account the benefit side. Adding the benefit
measure, I find efficiency improvements of 45% (from a welfare ratio of
2.19 to a welfare ratio of 1.2).

Summarizing the findings, I find that the command-and-control regula-
tion on SO, pollution control in the 11th FYP does not take into account
cost of abatement. Secondly, I find that a market-based allocation would
improve both cost-and welfare-efficiency by 49%. Taken at face value, this
finding seems to differ from Carlson et al. (2000) for the US. They find that
while an emissions trading scheme led to appreciable, but lower than ex-
pected efficiency gains in the US context, these efficiency gains would have
been twice as high had the alternative command-and-control policy been
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Table 2.10 Efficiency gains from trade

Efficiency measure

Abatement cost Welfare impact
at the margin at the margin
Allocation (in €/tS02) (MAC/MAB)
Actual 658 2.19
Cost-efficient 338 1.2

Note. The efficiency measures report the highest cost of all last
abated units across provinces for the actual allocation from the 11th
Five-Year Plan (2006-2010) and the counterfactual cost-efficient al-
location reported in Table 2.9. Estimates for the cost of the actual
allocation exclude outliers. The welfare impact at the margin is
the ratio between marginal abatement cost and marginal abatement
benefits.

the forced adoption of scrubbers.

In China, those two allocations are nearly identical: Figure 2.14shows that
the cost-efficient allocation of SO2 reduction targets relies predominantly
on the use of wet flue-gas desulfurization in the electricity sector. Low-
sulfur coal, by contrast, only becomes cost-efficient after about 18% of 2005
SO, emissions in China are abated, making scrubbers the most economi-
cal abatement technology to reduce SO, emission levels by 10%. Overall,
my findings are therefore surprising compared to Carlson et al. (2000)’s
findings from the US: while a market-based policy instrument such as an
SO, emissions trading scheme with a national cap would double allocative
efficiency in China and, at the margin, induce cost savings and increase
welfare by 50%, most of those efficiency gains could be reaped by forced
installation of scrubbers. The reason for this difference is that the gains
from trade in China come mainly from differences in industrial structure
across provinces, whereas the in the US experience efficiency gains would
have relied on differential access to low sulfur coal due to transport cost.

2.7 Concluding remarks

This research evaluates China’s main air pollution control policy. In 2005,
China decided on a 10% SO, emissions reduction goal as part of the 11th
Five-Year Plan (2006-2010). To study the effect of this policy on pollution
outcomes, I use both official, misreporting-prone indicator and indepen-
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dent NASA SO, satellite data in a differences-in-differences strategy that
exploits variation in target stringency at the province level. Overall, my em-
pirical findings show that SO, pollution control in the 11th Five-Year Plan
(2006-2010) was a success. SOy pollution, as measured by independent
satellite data, decreased by more than 10% as a result of the policy, most
notably through the shutdown of inefficient and small thermal units. Com-
pliance, however, only started when the central government upgraded its
pollution monitoring capacity in 2008. I provide suggestive evidence that
the increase in monitoring capacity is the likely explanation for this com-
pliance. Before the changes in monitoring, the behaviour by the provincial
governments fits the old Chinese adage 'Heaven is High and the Emperor
far away’: misreporting of pollution data seems pervasive and backed up
by misleading rhetorical compliance. This finding is in line with the ex-
periences of environmental regulation summarized in Stavins (2003), who
cautions about the importance of monitoring and enforcement. My findings
also provide support for a theoretical literature pioneered by Jean-Jacques
Laffont suggesting the importance of regulatory capacity for the working of
even simple policies (for an overview, see Laffont, 2005).

To analyze the efficiency of the chosen command-and-control regula-
tion, I construct detailed marginal abatement cost curves for each province
in China and show the large heterogeneity across provinces in marginal
abatement cost. Based on these cost curves, I can quantify the efficiency
gain of moving from the actual command-and-control regulation to a coun-
terfactual market-based policy instruments such as a cost-based SO, emis-
sions trading scheme. I find that efficiency would have increased by 95% at
the margin, lowering marginal abatement cost from 658€/tSO5 to 338€/tS0;.
This finding is robust to the inclusion of a back-of-the-envelope measure of
marginal abatement benefits. Contrary to the US SO, control experience,
however, most of the efficiency gains of a market-based solution could have
been reaped by a technology mandate on scrubbers.

My analysis, then, suggests that China faces similar problems in its air
pollution control as more developed countries in the past. Air pollution
control is initially plagued by monitoring difficulties, and works in general,
though it is not initially cost-efficient. In analyzing environmental policy
in China during the 11th Five-Year Plan (2006-2010), I zoom in on a pe-
riod in recent Chinese history that saw the turning point in environmental
governance with the creation of the Ministry of Environmental Protection
in 2008. Figure 2.A.7 in Appendix 2.A shows that the change in policy
coincides with a change in China’s dynamics of pollution and economic
growth. My research can thus be seen as a detailed account of how China
achieved the turning point on its environmental Kuznets curve (Grossman
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and Krueger, 1995).

Understanding China’s ongoing transition from the planet’s biggest dirty
industrial powerhouse to a cleaner consumer economy is crucial for China,
but also for the planet as a whole. The study of China further adds to the
empirical knowledge about the working of regulation in developing coun-
tries (Duflo et al., 2013; Oliva, 2015) and shows how appropriate regula-
tory capacity of the government is a pre-requisite for effective regulation.
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Appendix

2.A Additional figures

This appendix contains additional figures that report on a number of ro-
bustness checks mentioned in the main body of this chapter. All Figures are

self-contained.
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Figure 2.A.1 The Great Recession and SO, reduction targets. This graph plots the
SO, reduction targets on the horizontal axis against the absolute deviation from
the pre-crisis (2002-2007) GDP growth rate for each province in China in 2009,
the year China was struck by the Great Recession. The solid line fits a linear
regression with slope parameter b=0.001 and p=0.305 computed from standard

errors clustered at the province level.
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Satellite data minus official data (normalized at 2005 levels)

Figure 2.A.2 Likely misreporting over time. The graph shows the difference be-
tween the SO2 satellite data from NASA and the official SO2 data from the Chinese
government. Both variables are normalized to 2005 levels for China.
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Estimate of Interaction Coefficients

Figure 2.A.3 Dynamic treatment effects: Likely misreporting. The solid line plots the
point estimate for yearly coefficient estimates of the interaction coefficients 3 f1,
in Equation (2.2) for the difference between the SO2 satellite data from NASA and
the official SO2 data from the Chinese government. Both variables are normalized
to 2005 levels for China. The dashed lines show the 95% confidence bands, based
on heteroskedasticity-robust standard errors clustered at the province-level. The
excluded time period ¢t = 1 is the year 2002. The vertical line at 2006 marks the
start of the policy and the vertical line at 2008 marks the start of SO, monitor-
ing. The p-value for the 2007 interaction is p=0.13 based on the wild bootstrap
procedure with 1000 repetitions or p=0.08 based on the cluster-robust standard
errors.
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Figure 2.A.4 Political attention to air pollution over time (normalized by report
length). The graph shows the mean count of keywords related to air pollution for
all provincial government work reports in a given year from 2002 to 2010. The
count of keywords is normalized by the length of each government work report.
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Figure 2.A.5 Relation between welfare impact and SO, reduction targets. This graph
shows the lack of correlation between a province’s actual SO, reduction target in
the 11th Five-Year Plan (2006-2010) and the marginal welfare impact at the level
of the target. The solid line fits a linear regression with slope parameter b=-0.16
and p=0.36 computed from standard errors clustered at the province level.
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Figure 2.A.6 Difference between cost-efficient and actual allocation.
shows the difference in percentage points between the SO, reduction target of
each province under the actual minus the cost-efficient allocation (data from Ta-

ble 2.9).
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Figure 2.A.7 Economic growth and air pollution in China. This figure shows the
recent timeseries for GDP (in billion constant 2000 yuan) and for SO, emissions (in
million tons) for China from 1999 to 2010. Data source: Fridley, Romankiewicz,
and Fino-Chen (2013).
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2.B Marginal SO, abatement cost curves for all
provinces in China

This section shows the marginal SO, abatement cost curves for all provinces
in 2005. The horizontal axis in each figure lists the abatement intensity in
percentage terms relative to the 2005 SO, emissions level. Marginal SO,
abatement cost curve figures that list the abatement intensity in absolute
terms (kt) are available upon request.
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Chapter 3

From intention to action: Can
nhudges help consumers to
choose renewable energy

Abstract

In energy consumption, individuals feature a gap between intention and
action. Survey data from the US, the UK, and other European countries
show that 50-90% of respondents favour energy from renewable sources,
even at a small premium. Yet less than 3% actually buy renewable en-
ergy. We investigate how nudges - a slight change in the information set
that an individual faces when taking a decision - can help individuals align
behaviour with intention. We present evidence from an original survey ex-
periment on which nudges affect the choice whether to contract renewable
energy or conventional energy. We find that only a default nudge has a
significant effect, while all other nudges prove ineffective. In our setting,
a default nudge increases the share of individuals who choose renewable
energy by 44.6%.
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3.1 Introduction

One of the most pressing environmental problems is climate change (Nord-
haus, 2013; Stern, 2006). While the energy production overall is the single
biggest contributor to greenhouse gas emissions (IPCC, 2007), consuming
renewable energy instead of conventional energy reduces these emissions
(Shafiei and Salim, 2014). Renewable energy policies that address climate
change thus either focus on innovations in technology or changes in be-
haviour. While policy-making has predominantly relied on the former, we
investigate the latter. The following stylized fact shows the potential of our
research:

Surveys in various Western countries typically show that 50-90% of re-
spondents favour energy from renewable sources, even at a small premium
(Kaenzig, Heinzle, and Wiistenhagen, 2013; Pichert and Katsikopoulos,
2008). Yet, those preferences do not translate into action: Actual users
of renewable energy constitute but a tiny fraction of the population, 0.4%
in Finland, 0.5% in the UK, 1% in Ireland and Germany, 2% in Switzer-
land, and 2.8% in the US (Bird, Wiistenhagen, and Aabakken, 2002; Heeter
and Nicholas, 2013). The gap between intention and action has only re-
cently been recognised in research on energy behaviour (Allcott and Mul-
lainathan, 2010; Sunstein and Reisch, 2013). A nudge - a slight change in
the information set that an individual faces when taking a decision - can
help people align intention and action.

The use of nudges as a policy tool has become widespread following
Thaler and Sunstein (2008) and Camerer et al. (2003). This literature sug-
gests two complementary rationales for using nudges: Firstly, the gap be-
tween intention and action shows that individuals are boundedly rational in
the choice between conventional and renewable energy. Due to their lim-
itations in cognitive processes and attention, individuals have difficulties
understanding the situation they are in and suffer from an imperfect abil-
ity to process new information (Ariely, 2009; Spiegler, 2011; Thaler and
Sunstein, 2003). Consequently, they often fail to act upon their long-term
intentions (O’Donoghue and Rabin, 1999; Taubinsky, 2013). This is where
nudges can help individuals. Nudges are an attractive policy tool: they are
cheap and can easily be scaled up. Furthermore, nudges are coercion-free:
individuals retain the freedom to pick from the original choice set. Lastly,
they are uncontroversial: it is unavoidable to select a way a decision is pre-
sented.

Secondly, research on the effectiveness of nudges in energy consump-
tion (Allcott, 2011; Allcott and Mullainathan, 2010; Allcott and Rogers,
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2012; Costa and Kahn, 2013) has shown the great effectiveness of using
nudges as energy policy instruments. Allcott and Mullainathan (2010), for
instance, find that a nudge can lower energy consumption by as much as
2% and at a negative cost. Empirical evidence on the effectiveness of differ-
ent nudges for the choice between conventional and renewable energy is
missing, however. This research paper uses an original survey experiment
to test how several nudges affect the choice whether to contract renewable
energy or conventional energy. The nudges we implement in our survey
each address one or more potential biases in the behaviour of decision
makers.

The remainder of this chapter is structured as follows: Section 3.2.1
presents the setting of our experiment, Section 3.2.2 describes each nudge
and its implementation, and Section 3.3 presents and discusses the empiri-
cal results. Section 3.4 concludes and provides policy recommendations.

3.2 Methods: An Original Experiment

3.2.1 Setting

We provide evidence on which nudges do and which do not work at the
time of choosing an energy contract. Our original experiment imitates the
situation that a consumer faces when she has just clicked on the website of
a utility company and can choose between two different contract offers. To
emulate this setting, we implemented the experiment as an online survey
(a similar methodology is used by Lillemo (2014)).

Our experiment runs as follows: We ask the subjects to imagine they
have moved to a new neighbourhood and need to sign an energy contract.
The control group faces two options: buy conventional energy or buy a
50%,/50% mix of renewable and conventional energy at a higher cost!.
The decision for the control group is depicted in Figure 3.1.

Note that we cannot exclude that our subjects were distracted while
taking part in our experiment. We consider these potential disturbances a
good thing, however, because they add realism to our setting: disturbances
also occur when people choose an energy contract in real life.

IThe choice between a purely conventional energy contract and a contract that offers a
50%/50% mix is due to the offers that were available at the authors’ local utility companies
at the time of creation of the experiment in early summer 2011.
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2. Imagine you are a student who just moved to a new flat in a new neighbourhood. Your monthly
income is 800€. There are two possible contracts for you to choose from the local energy supplier.
Please act as if real money was involved.

Usually, your spend your budget in the following way:
- Flat and utility bill: 330

- Alimentation: 160

- Clothing: 50

- Study materials: 30

- Transportation: 75

- Insurance and Medicine: 60

- Communication: 35

- Leisure: 60

Your task is to choose one of the following contracts:

_ Contract A: 100% conventional energy, priced at 30€ per month

) Contract B: 50% renewable energy / 50% conventional energy, priced at 45€ per month

[Prev | Next \

Figure 3.1 Decision Screen for the Control Group. This figure is a caption of the
decision screen shown to the subjects assigned to the control group.

The survey was sent to German and international students in June
20112. Since we expected a large share of Germans, the economic choice
situation is built on data for income, prices and spending that reflect the
typical German student®. Note that the default nudge was implemented
using a different software. Due to a programming error, we did not ob-
tain any data in 2011. After changing the software, we reran the original
default survey without any changes in October 2013 targeting similar sub-
jects?.

2To be precise, we sent it to mailing list subscribers of Club der Ehemaligen
e.V., Friedrich-Ebert-Stiftung, Max Weber-Programm Bayern, and Studienstiftung des
deutschen Volkes, as well as to graduate students of the Barcelona Graduate School of
Economics.

30ur main source is a study by the German National Association for Student Affairs (19.
Sozialerhebung des Deutschen Studentenwerkes, Kurzfassung (p.22)) that investigated
the average budget of German students in 2009. The energy budget comes from a casual
survey done among our colleagues at the Barcelona Graduate School of Economics. We
round these data for convenience. Our sample features 77% Germans.

4We used Surveymonkey for the main part of the experiment, but needed to use
GoogleDrive for the default nudge due to that feature not being implementable in Sur-
veymonkey. Unbeknownst to us, GoogleDrive neither recorded the choices nor other data.
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3.2.2 The Nudges

We operationalise each nudge in up to three experimental treatments. The
original decision screens for all nudges are shown in the Appendix. The
following section presents (i) a review of the theory and evidence on the
working of each nudge and (ii) our implementation in the survey experi-
ment.

Priming

Review: Mazar and Ariely (2006) find that having subjects recall the ten
commandments decreases cheating. A similar effect can be found in con-
sumption: Morwitz, Johnson, and Schmittlein (1993) find that when asked
whether they intend to buy a car in the following six months, consumers’
purchase rates increased by 35%. This effect is called “priming” and can
be explained by bounded rationality. Tversky and Kahneman (1974), for
instance, argue that people assess the probability that an event occurs with
the ease by which they can recall examples of it. Following this line of rea-
soning, Gennaioli and Shleifer (2010) find that a decision maker does not
use all available information but relies on what comes to mind. According
to Kahneman and Frederick (2005), what comes to mind is shaped by stim-
ulus salience and priming.

Implementation: We implement three different kinds of treatments for
priming. Priming-Intention: Directly before presenting the actual choice
problem, we ask subjects whether they intend to buy renewable energy in
the future. Priming-Memory: We ask subjects to write down from memory
everything they know about the link between climate change and energy
production. Thus, they have their own knowledge in mind when taking
their decision. Priming-Reassemble: Here, we ask subjects to reassemble
fragments of sentences about the relationship of energy production and cli-
mate change. This revives the subjects’ knowledge and makes the negative
effects of choosing conventional energy more salient.

Mental Accounting

Review: A lab experiment performed by Mazar and Zhong (2010) shows
that individuals who have spent money on green products behave in a less
altruistic way in a dictator game than individuals who have spent money
on conventional products. The authors cannot fully explain this licens-
ing effect, where a previous ethically favourable action induces subsequent
less ethical behaviour. In our view, the above behaviour can be interpreted
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in the light of mental accounting, according to which individuals classify
expenditures into different mental accounts which can act as self-control
devices (Thaler, 2004). Consumers hesitate to use the money mentally la-
belled into one account for a purpose that falls into another.

Interestingly, this reasoning can be applied to interpret the findings of
Mazar and Zhong (2010). As established by the authors empirically, the
consumption of green products carries ethical cachet compared to conven-
tional consumption. Analogous to the choice between conventional and
renewable energy, consumers compare two dimensions: the satisfaction of
their consumption needs and the ethical benefit. When deciding how much
to offer in a dictator game that follows ethical spending, an individual will
give less. By the same token, consumers might attribute the cost of the
green product to two different mental accounts, the consumption account
and the ethical account.

Implementation: Consumers might tend to choose the ethically favourable
renewable energy contract when exposed to a situation that refills their eth-
ical account. We implement Mental Accounting by informing subjects that
an ethical donation of 15 € has not been successful because the recipient
NGO has gone out of business. Notice that 15 € is the price difference
between conventional and renewable energy.

Framing

Review: When confronting the individual with the decision which contract
to choose, the energy supplier can formulate the choice in different ways.
It can inform the consumer about the carbon dioxide emissions she would
mitigate with renewable energy, or it can state how much more carbon
dioxide is produced when choosing conventional energy. The energy sup-
plier can thus emphasize possible gains or losses, while the outcome is the
same.

The study of framing goes back to Tversky and Kahneman (1981), who
empirically verified its importance. Their findings can be interpreted from
the view of Prospect Theory (Kahneman and Tversky, 1979), according to
which individuals evaluate outcomes in terms of deviations from a refer-
ence point. The individuals’ response when facing a loss is stronger than
when experiencing an equivalent gain. In our case, this reference outcome
is the option that is not framed in terms of losses or gains. Tversky and
Kahneman (1981) conclude that adopting a frame is an ethically signifi-
cant act that has an effect in the choice process. In our experiment, we
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want to find out whether individuals can be nudged towards choosing the
contract including renewable energies by framing the contracts in a way
that they lead to losses or gains.

Implementation: We provide additional information by informing the
decision maker about the additional carbon dioxide emissions from Con-
tract A as compared to Contract B. We frame this fact either as gains
(Framing-Gains) or as losses (Framing-Losses).

Decoy

Review: Consumers violate the independence of irrelevant alternatives ax-
iom of von Neumann-Morgenstern expected utility theory (Ariely, 2009;
Ariely and Wallsten, 1995). This phenomenon was first studied by Hu-
ber, Payne, and Puto (1982): Consider a consumer who has to choose
between two products whose attributes differ in various dimensions, and
where none of the items is dominant in all the dimensions. An energy con-
tract can differ on essentially two dimensions: price and the percentage
of energy produced from renewable sources®. The introduction of a third
alternative - a decoy - that is clearly dominated by only one of the two al-
ternatives can greatly influence the decision process.

Ariely and Wallsten (1995) analyse this behaviour. The consumer, ini-
tially unable to weight the different dimensions, reconstructs the choice
space subjectively. By ignoring certain dimensions and giving more weight
to others, the consumer ends up with a subjective dominance relationship.
The decoy might thus work since it helps the consumer to weight informa-
tion.

Implementation: In our case, the decoy is an alternative that is weakly
dominated by the environmentally friendly contract, as it is equal in the
price dimension and dominated in the environmental dimension. We ex-
pect this additional information to nudge the individual towards the envi-
ronmentally friendly contract.

>We assume for simplicity that we can pin down environmental impact into this single
criterion. This is a simplifying assumption given that nuclear energy is being reconsidered
as a low carbon energy source.
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Social Norms

Review: Experiments show that people conform to the opinion of oth-
ers (Sunstein, 2003). Furthermore, evidence from field experiments has
shown that an upfront lead donation increases the contributions of poten-
tial donors a staggering 44% to 300%, with neutral or positive effects on
the response rates (Huck and Rasul, 2007; List and Lucking-Reiley, 2002).
In the field of household energy choice, Costa and Kahn (2013) evalu-
ate a randomised field experiment in California, in which information on
neighbours’ energy consumption is added to households’ electricity bills.
In particular, each household receives a comparison between its own en-
ergy consumption and that of its neighbours plus that of its energy-efficient
neighbours. The average treatment effect of this nudge is a 2% decrease
in energy consumption. These findings confirm earlier evidence in Allcott
and Mullainathan (2010).

Implementation: We add the following sentence to the control group’s
choice: “From your local energy provider you receive the information that
the majority of your neighbours uses an energy mix that features 50% re-
newable energy”.

Default

Review: The fact that people tend to stick to the default option can be ex-
plained by inertia. Since decision makers prefer not to change the status
quo due to switching costs and loss aversion, they rather decide not to de-
cide (Spiegler, 2011). Rubinstein (2012) refers to this bias of sticking to
the chosen option as default tendency.

In the context of organ donations, Johnson and Goldstein (2003) show that
the share of organ donors is twice as high when being a donor is the default
compared to the situation when not being a donor is the default. Clearly,
sticking to the default must yield positive benefits for the decision makers.
In the context of energy choice, Pichert and Katsikopoulos (2008) analyse
empirically if people stick to the kind of energy that is offered to them as
a default contract. Using natural and laboratory experiments, they show
that more people end up using renewable energy when this kind of energy
is the default contract.

Implementation: We inform our subjects that the default energy contract

in their region consists of 50% renewable energy and 50% conventional en-
ergy. They can actively choose between this default contract and a contract
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consisting entirely of conventional energy. If they do not make an active
choice, however, they will keep the default contract and use renewable
energy.

3.2.3 Recorded Data and Randomisation

Recorded data: The outcome of interest is each subject’s choice of energy
contract. After that decision, each subject rated their agreement to a num-
ber of statements to elicit the subject’s preferences for money, the envi-
ronment, and environmental action in their daily lives. Typical statements
are “If I were a little richer, my current life would be more enjoyable”,
“I am concerned about climate change” and “I am willing to pay higher
taxes for improved environmental conservation”. The subjects furthermore
reported their ecological footprint and their carbon footprint®. Addition-
ally, we recorded study major, gender, nationality and age as well as self-
reported data on monthly income, rent payment and utility expenses. Table
3.1 reports descriptive statistics for the subjects. Each column belongs to a
treatment group or the control group.

Randomisation: We used day of birth as randomisation device. Depend-
ing on the stated day, participants were assigned to a different treatment.
Note that even if some subjects reported the wrong date of birth, we see no
reason to believe that this should have occurred in a systematic way. Table
3.1 shows that randomisation worked: excepting the odd, small-magnitude
case, the p-values of a pairwise mean-comparison between each treatment
and the control group are insignificant” .

Notice that in the main, balancedness also holds for the subjects in the
default treatment who were surveyed at a different point in time due to a
software error. Default subjects were slightly richer (at a 10% level), favour
money more and have a slightly lower ecological footprint. All other co-
variates are statistically indistinguishable from the control subjects.

5We used a tool provided by the World Wide Fund for Nature (WWF), available online
http://footprint.wwf.org.uk/ [Last accessed 3rd June 2011 17:00 CET]

7As a robustness check, we computed the non-parametric Kruskal-Wallis test to jointly
test all treatment groups. We find statistically significant differences in the ecological
footprint, the carbon footprint and the preferences for money. As can be seen from Table
3.1, these differences are not large, however.
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Table 3.1 Descriptive Statistics and Randomisation

Priming (Intention)

Priming (Memory)

Priming (Reassemble)

Mental Accounting

Framing (Gains)

Framing (Losses)

Mean p-value Mean p-value Mean p-value Mean p-value Mean p-value Mean
[Stand. Dev.] [Stand. Dev.] [Stand. Dev.] [Stand. Dev.] [Stand. Dev.] [Stand. Dev.]
Demographics
Age 24.2 0.71 24.2 0.89 24.1 0.85 24.3 0.55 24.6 0.96 23.4
[3.3] [3.1] [3.2] [3.9] [4.1] [6.7]
Female 0.56 0.43 0.57 0.59 0.54 0.35 0.48 0.18 0.59 0.57 0.54
[0.50] [0.51] [0.51] [0.51] [0.50] [0.51]
German 0.70 0.42 0.79 0.95 0.77 0.93 0.75 0.80 0.79 0.94 0.72
[0.48] [0.43] [0.43] [0.44] [0.42] [0.46]
Economist 0.29 0.94 0.18 0.49 0.26 0.83 0.27 0.91 0.370 0.46 0.25
[0.46] [0.41] [0.45] [0.46] [0.49] [0.44]
Monthly Budget 1031.2 0.48 823.0 0.22 853.1 0.06* 1052.1 0.42 1128.2 0.86 1048.4
[619.3] [376.9] [487.1] [935.3] [827.3] [679.2]
Monthly Rent 328.3 0.35 281.6 0.21 276.8 342.3 0.33 315.1 0.15 349.3
[237.9] [115.6] [127.6] [289.7] [269.5] [269.4]
Monthly Utility Bill 157.0 0.55 125.5 0.55 210.0 0.20 327.7 0.07* 320.4 0.51 279.8
[179.7] [156.5] [167.9] [613.7] [536.0] [335.7]
Preferences for
Environment 5.04 0.40 4.84 0.30 5.17 0.24 4.85 0.46 5.02 0.75 4.85
[0.82] [0.52] [0.66] [0.72] [0.70] [0.76]
Money 4.47 0.98 4.48 0.57 4.45 0.64 4.71 0.12 4.39 0.19 4.57
[0.85] [0.67] [0.76] [0.78] [0.57] [0.60]
Environmental Action 4.57 0.14 4.24 0.57 4.59 0.21 4.40 0.69 4.48 0.45 4.25
[0.70] [0.76] [0.59] [0.75] [0.85] [0.58]
Behavior
Ecological Footprint 2.85 0.20 2.69 0.76 2.47 0.31 2.58 0.66 2.56 0.38 3.08
[0.59] [0.60] [0.61] [0.71] [0.82] [1.10]
Carbon Footprint 13.55 0.34 11.64 0.83 10.64 0.26 11.38 0.46 11.20 0.33 14.19
[5.508] [5.50] [4.22] [4.88] [5.04] [6.46]

p-value

0.02%*
0.32
0.60
0.74
0.55
0.52

0.14

0.13

0.29

Decoy
Mean
[Stand. Dev.]

23.2

[2.5]

0.58
[0.50]

298.2
[135.20]
152.8
[141.8]

4.98
[0.75]

4.65
[0.74]

4.36
[0.96]

3.05
[0.99]
14.64
[7.01]

p-value

0.09*
0.49
0.97
0.19

0.08*
0.29

0.84

0.93
0.41

1.00

0.098*

0.19

Social Norms

Mean
[Stand. Dev.]

23.8

[3.71

0.53
[0.51]

5.07
[0.70]
4.38
[0.96]
4.41
[0.771

2.46
[0.63]
10.39
[4.64]

Note. This table shows descriptive statistics on the composition of each treatment group along three dimensions of covariates (Demographics, Preferences, Behavior). The p-value is obtained from a parwise
Wilcoxon ranksum test of equality of means between each treatment group and the control group. The overall lack of significant differences between treatment and control groups shows that the randomisation
of the treatments worked. * * xp < 0.01, * x p < 0.05, p < 0.1.

p-value

0.40
0.30
0.56
0.91
0.17
0.10

0.87

0.53
0.56

0.97

0.29

0.14

Default
Mean
[Stand. Dev.]

25.6

[3.9]
0.55
[0.52]

2.13
[0.26]
13.14
[1.69]

p-value

0.55
0.51
0.33
0.93

0.09*

o.hmu
o

0.59
0.00%**

0.95

0.03**

0.35

Control
Mean
[Stand. Dev.]

24.2
[4.7]
0.65
[0.48]
0.78
[0.42]
0.29
[0.46]
1037.1
[497.5]
368.3
[190.8]
178.2
[236.2]

4.96

[0.79]

2.74
[0.96]
12.88
[6.68]




3.3 Results and Discussion

3.3.1 Results

In this section, we first present summary statistics for the different treat-
ment groups. Second, we test whether the probability of choosing the re-
newable contract is significantly different in any of the nudging groups
compared to the control group.

Figure 3.2 shows how the 475 subjects chose, according to each treat-
ment group. The result from the no-nudge comparison group is the bench-
mark against which we compare the effectiveness of each nudge. As can
be seen, renewable energy was chosen by 41 out of 85 subjects in this
group, or 48,2%. Recall that for all nudges we test the following Hpy:
Hcontrol = Hnudge> Where fin,q4. depicts the mean choice of contract in treat-
ment groups®.

8For the decoy treatment, we coded the dominated decoy contract as 0.5”, reflecting
the fact that it is an intermediate option between the conventional energy contract and
the renewable energy contract.

Priming [Intention] (N=52)
Priming [Memory] (N=24)
Priming [Reassemble] (N=30)
Mental Accounting (N=38)
Framing [Gains] (N=48)
Framing [Losses] (N=49)
Decoy (N=66)

Social Norms (N=50)

Default (N=33)

Control (N=85)

T 1
25 50 75 100
Frequency (in %)

I Renewable Energy [ Decoy [ Conventional Energy

Figure 3.2 Raw Choice Data. This figure shows the choices in each treatment group
as a share of all choices in that group.
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Figure 3.2 suggests that several nudges seem to have a strong effect on
the choice of renewable versus conventional energy. Some nudges seem to
have worked as expected, such as Priming [Reassemble] (share of choices
for renewable: 56.7%), Social Norms (58%) or Default (69.7%). Inter-
estingly, other nudges appear to have a negative effect: they seem to in-
crease the share of respondents that choose conventional energy. In par-
ticular Priming [Memory] (41,7%) and Mental Accounting (34.2%) appear
to have worked in this way. In the next step, we determine whether these
graphical differences are statistically significant .

Table 3.2 Average Treatment Effects

Linear probability model
p-value  t-statistic

Priming (Intention) 0.0176 0.843 0.198
(0.0889)

Priming (Memory) -0.0657 0.570 -0.569
(0.1155)

Priming (Reassemble) 0.0843 0.429 0.791
(0.1066)

Mental accounting -0.1402 0.141 -1.474
(0.0951)

Framing (Gains) -0.0449 0.621 -0.494
(0.0908)

Framing (Losses) -0.0538 0.551 -0.597
(0.0900)

Decoy 0.0101 0.901 0.124
(0.0811)

Social Norms 0.0976 0.275 1.093
(0.0893)

Default 0.2146%* 0.028 2.197
(0.0977)

Observations 475

R? 0.028

Note. Dependent variable equals 1 if the subject has cho-
sen the contract with renewable energy, 0.5 for the decoy
contract, and zero otherwise. Model includes a constant.
Robust standard errors in parentheses. s x xp < 0.01,
* % p < 0.05, #p < 0.1.
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Table 3.2 reports the results from a linear probability model with dum-
mies for each treatment group (the omitted category being the control
group). Because the treatments were assigned using day of birth, random-
ization is not conditional on the covariates. This allows us to estimate the
average treatment effect for each nudge using a linear probability model
without additional controls. The coefficients on the dummies show the av-
erage treatment effect of each nudge. As can be seen from Table 3.2, only
the default nudge had a significant effect. Following our treatment, the
relative number of subjects who selected the renewable energy contract
increased by 44.6% relative to the control group (from 48.2% to 69.7%).
While we are aware of the fact that the magnitude of the effect in our sur-
vey experiment does not directly translate into real world applications, we
believe that the direction of the effect can be trusted: Our results show that
the mechanism of the default nudge works convincingly in our decision sit-
uation of whether to contract conventional or renewable energy.

We prefer the linear probability model as compared to a Probit or Logit
specification due to its easier interpretability. To test the robustness of our
findings, however, we estimated the average treatment effects of the same
model via both Probit and Logit and find qualitatively identical effects of
very similar magnitudes (Appendix 3.B reports the results from those tests).
As a further robustness check, we compute the same hypothesis tests via t-
tests and non-parametric Wilcoxon rank sum tests. In both cases, only the
default nudge is statistically significant up to the 10% level. These results
are available upon request.

3.3.2 Discussion

Heterogeneous treatment effects. This section provides a tentative analysis
of heterogenous treatment effects for different subgroups for each treat-
ment. This analysis is tentative only and meant only to inform discussion
for two reasons: firstly, the subgroups are small. More importantly, how-
ever, there is a possible selection bias: Many subjects in the experiment
chose not to fill in the questionnaires after they made their choice, and the
decision whether or not to fill in the questionnaire is unlikely to be un-
related to subject characteristics. This is in contrast to the main survey:
when we recruited the subjects, we were careful not to announce what the
survey was about to avoid self-selection of subjects particularly concerned
with the environment. For the decision whether to fill in the questionnaire,
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however, this is not the case: the subjects knew what the study was about,
and the decision whether or not to continue might be related to subject
characteristics.

We nonetheless find it interesting to report the results from the sub-
group analysis in light of the findings from Costa and Kahn (2013), who
show that the same nudge can have opposing effects depending on polit-
ical leaning. To guard against cherry-picking we chose all subgroups be-
forehand when designing the survey. The procedure for testing is identical
to the full sample; that is we test whether the mean of the restricted sub-
group in a nudge condition is significantly different from the mean of the
corresponding subgroup in the no-nudge comparison group. Given that the
subgroups are smaller than the full sample treatment groups, we only use
the Wilcoxon rank sum test which has better properties in small samples
compared to a t-test (Siegel, 1956). While the smallest of any subgroup
contained only 3 observations, the vast majority contained more than 10,
which is the usual rule of thumb for the minimum of observations needed.

Table 3.3 reports the p-values from a Wilcoxon ranksum test. For con-
venience, we mark the ones below the 10% significance level in bold letters
and with colours indicating the direction of the effect of the nudge on the
corresponding subgroup. Green implies that the nudge worked favourably
and increased the probability to choose the renewable contract. Conversely,
the brown color marks that the nudge made subjects more likely to choose
conventional energy.

As shown in Table 3.3, we where interested in the following subgroups.
First, we investigated whether a nudge might work differently depending
on the gender. For our experiment, the answer is no (however, not enough
male subjects reported their gender to determine the effect on males only
for the default nudge). Second, we were interested in whether economics
students, who might have theoretical knowledge about nudges, were af-
fected differently than their colleagues from other majors. This seems to
have been the case. Economists that were subject to reassembling the text
about energy production and climate change were more likely (at the 10%
level) to choose the renewable contract than their economist peers in the
no-nudge condition. This is particularly interesting since the tendency of
this treatment went in the other direction for the full sample. In addition,
the nudge Social Norms had a significant effect (10%) only on economists.
As expected from the raw choice data, the effect goes into the desired di-
rection.

Next, we split participants into the relatively rich and relatively poor.
For the rich subjects, Social Norms proves effective (10%), with an effect
that goes into the desired direction. Poor subjects, on the other hand,
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appear to have suffered adverse effects from Priming (Memory) (10%),
Framing (Gains) (5%) and Framing (Losses) (10%). The richer subject
effect of Social Norms (5%) repeats itself for subjects that pay a higher
rent. They become more likely to choose the renewable contract. Last,
those that like the environment less are affected as predicted by Priming-
Reassemble (10%) and those that like money more are responsive to Social
Norms (10%).

As a next step, we look at subgroups according to environmental be-
havior, which we recorded with ecological footprint and carbon footprint
measures from an external WWF survey. We split the subgroups into those
subjects into weakly above and below the median. While investigating sub-
groups for reported environmental behavior and carbon footprint leads to
no significant effects, the ecological footprint subgroup below the median
does for Priming (Intention) (10%). It might thus be interesting to investi-
gate whether the carbon footprint and the ecological footprint do not gen-
erally move one to one. Finally, we find a number of significant subgroups
for the Default treatment but do not want to stress an interpretation, as
few subjects in the Default treatment responded to the questionnaire and
the significant subgroups simply tend to be those with the larger number
of subjects.

Relation of to other studies. Compared to the findings from the field stud-
ies on nudges in energy consumption analysed in Allcott and Mullainathan
(2010) that find a 2% effect from a nudge, a 44.6% increase in the uptake
of renewable energy seems very large. Such a large effect of a default, how-
ever, is consistent with the anecdotal evidence reported in (Pichert and Kat-
sikopoulos, 2008), who mention two real-world examples from Germany
where the share of households using renewable energy exceeded 90% after
the introduction of a default.

Another literature related to our paper is the research on the intention
to consume sustainably produced food. Whereas we focus on the gap be-
tween intention and action, the literature on sustainable food consumption
mainly deals with the difference between attitude and intention: Although
many people express a positive attitude towards sustainably produced food,
only few people actually plan to consume it (Arvola et al., 2008; Vermeir
and Verbeke, 2006, 2008). Using surveys, the mentioned authors try to
explain the gap between attitude and behavioural intentions. Our research
goes one step further in the process of decision making and investigates the
gap between intention and action.
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Our experiment was designed to establish the effectiveness of each
nudge. To establish through which channels each nudge was effective or
not, however, is left for future research. As Thaler and Sunstein (2008)
and Sunstein and Reisch (2013) point out, defaults work through various
channels such as loss aversion, endorsement and inertia, and choice com-
plexity. Hence, it is likely through one or a combination of these channels
that defaults proved effective in our survey experiment. It could well be
that it is the multiplicity of channels that made the default nudge superior
to the other nudges in the selection of renewable energy. Furthermore, we
studied our participants’ comments which they were free to give during the
survey. However, the comments did not show any pattern that could hint
at a reason why only the default nudge was effective.

One final caveat concerning the results is that most of the subjects were
German. While our sample includes many international subjects as well,
the magnitude of the effect could differ depending on the individual na-
tionalities. We leave this question for future research as our sample is too
small to study these subgroups separately.

3.4 Conclusions and Policy Implications

Climate change is a severe problem for the environment. Policies that
address climate change either focus on technological innovations or be-
havioural changes. Whereas policy-making has mainly focused on tech-
nology, our research studies behaviour. We investigate how nudges affect
an individual’s decision to choose between renewable energy and conven-
tional energy. Nudges are an attractive policy tool because they are inex-
pensive, free of coercion and implementable at scale. Besides, nudges are
unavoidable in most situations.

Our research speaks to policy because in many Western countries a
clear majority of consumers exhibit a gap between intention and action:
they consume conventional energy, although they prefer renewable energy
and would be willing to pay a premium (Kaenzig, Heinzle, and Wiisten-
hagen, 2013; Pichert and Katsikopoulos, 2008). Only a tiny fraction of the
population, however, actually uses renewable energy (Bird, Wiistenhagen,
and Aabakken, 2002). At the same time, the consumption of renewable
energy has been linked to reductions in greenhouse gas emissions (Shafiei
and Salim, 2014). A policy that can bridge this gap by helping consumers
to follow through on their intention to contract renewable energy would
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be an effective way of mitigating greenhouse gas emissions.

To inform the design of such policy, we present evidence from an orig-
inal survey experiment on which nudges have an influence on the choice
whether to contract renewable energy or conventional energy. We present
and review the literature on six nudges that are known to work in related
decision situations and adapt them to the decision on the source of energy.
Our empirical results show that only a default nudge has a significant effect,
while all other nudges prove ineffective. In our setting, the introduction of
a default option increases the share of individuals who chose renewable
energy by 44.6%. While we believe that the precise magnitude of the effect
is not informative outside the context of our experiment, we are convinced
that the direction of the effect translates to the field setting that is relevant
for policy.

We therefore inform policy in two dimensions: Our research can inform
private actors such as utility companies about the optimal design of the
information that they make available to consumers, for instance through
online marketing (Herbers and Ramme, 2014). Public actors, on the other
hand, could use our findings to consider the implementation of default re-
newable energy contracts as an alternative way of promoting renewable
energies. For this task, more research is needed to design the most effi-
cient default contract in the field. While default nudges in the choice of
renewable versus conventional energy have been introduced in the field by
a number of private companies and shown to work in general (see Pichert
and Katsikopoulos, 2008; Kaenzig, Heinzle, and Wiistenhagen, 2013), a
systematic evaluation is still lacking.
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Appendix

3.A Original decision screens

The following figures show the screen captions for each of the treatment
groups. We only show the part of the decision screen that differs from the
control group.

2. Do you intend to buy renewable energy in the future?
Yes
Mo

Prev et

Figure 3.A.1 Decision Screen for Priming (Intention).
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2. Think about what you know about the connection between energy production and climate
change. Please enter all information that comes to your mind into the box below.

Prev Next

Figure 3.A.2 Decision Screen for Priming (Memory).

2. The following text has been shuffled. Your task is to reassemble the sentences:
and / Climate Change / Renewable Energy / the Need for

in the atmosphere / The amount of carbon dioxide (CO2) / over the last 100 years. / has been
rapidly increasing

, which contain carbon. / burning of fossil fuels / This is due to the / like coal and oil
CO2 in the atmosphere changes, / As the proportion of / the way it retains heat also changes.

the production of conventional energy is what is causing the average temperature of the earth to
increase, / leading to climate change. / Scientists now believe

Figure 3.A.3 Decision Screen for Priming (Reassemble).

Imagine the following situation: Last week, you decided to donate to an NGO that fights for a cause that
you think should be supported for ethical reasons. You decide to donate 15€.

Yesterday, however, you received an email from your bank. Your bank informs you that the transaction
has been cancelled, because this NGO has gone out of business.

Figure 3.A.4 Decision Screen for Mental Accounting.
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Your task is to choose one of the following contracts:

Contract A: 100% conventional energy, priced at 30€ per month.

Contract B: 50% renewable energy / 50% conventional energy, priced at 45€ per month. By choosing this contract you
gain a reduction of 1.8t of carbon dioxide emissions per year.

Figure 3.A.5 Decision Screen for Framing (Gains).

Your task is to choose one of the following contracts:

Contract A: 100% conventional energy. priced at 30€ per month. By choosing this contract you loose the chance to save
1.8t of carbon dioxide emissions per year.

Contract B: 50% renewable energy / 50% conventional energy, priced at 45€ per month.

Figure 3.A.6 Decision Screen for Framing (Losses).

Your task is to choose one of the following contracts:
Contract A: 100% conventional energy. priced at 30€ per month.
Contract B: 50% renewable energy / 50% conventional energy, priced at 45€ per month.

Contract C: 40% renewable energy / 60% conventional energy, priced at 45€ per month.

Prev MNext

Figure 3.A.7 Decision Screen for Decoy.

From your local energy provider you receive the information that the majority of your neighbours
uses an energy mix that features 50% renewable energy.

Your task is to choose one of the following contracts:
Contract A: 100% conventional energy, priced at 30€ per month.

Contract B: 50% renewable energy / 50% conventional energy, priced at 45€ per month.

Figure 3.A.8 Decision Screen for Social Norms.

121




» Study materials: 30

* Insurance and Medicine: 60
* Communication: 35

Imagine you are a student who just moved to a new flat in a new neighbourhood. Your monthly income is B00€.
In your new neighbourhood the energy contract that is chosen for you by default by your local energy supplier consists of 50% renewable energy and 50%
conventional energy. It costs 45€ per month.

Please act as if real money was involved.

Usually, your spend your budget in the following way:
» Flat and utility bill- 330

Please confirm or change your contract.
If you do not make an active choice, you will keep the contract using 50% renewable energy

[=]

Continue

Figure 3.A.9 Decision Screen for Default.
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3.B Robustness Check: Probit and Logit Re-
sults

This section contains results from a robustness check. We estimate the av-
erage treatment effect of each treatment using Probit and Logit estimation
rather than our preferred Linear Probability Model to show that our find-
ings are robust to the choice of specification. As can be seen in Tables 3.B.1
and 3.B.2, all specifications yield effects that are qualitatively identical and
of very similar magnitudes.

Table 3.B.1 Average Treatment Effects (Probit Specification)

Probit model
p-value  z-statistic

Priming (Intention) 0.0177 0.841 0.20
(0.088)

Priming (Memory) -0.0663 0.569 -0.57
(0.1163)

Priming (Reassemble) 0.0846 0.427 0.79
(0.1066)

Mental accounting -0.1446 0.147 -1.45
(0.0905)

Framing (Gains) -0.0451 0.618 -0.50
(0.0905)

Framing (Losses) -0.0542 0.547 -0.60
(0.0900)

Decoy 0.0480 0.559 0.58
(0.0821)

Social Norms 0.0982 0.273 1.10
(0.0895)

Default 0.2234%** 0.036 2.10
(0.1063)

Observations 475

Pseudo R? 0.021

Note. Dependent variable equals 1 if the subject has cho-
sen the contract with renewable energy, 0.5 for the decoy
contract, and zero otherwise. Model includes a constant.
Marginal effects calculated at sample mean. Standard er-
rors in parentheses. * x xp < 0.01, * * p < 0.05, %p < 0.1.
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Table 3.B.2 Average Treatment Effects (Logit Specification)

Logit model
p-value  z-statistic

Priming (Intention) 0.0177 0.841 0.20
(0.088)

Priming (Memory) -0.0665 0.570 -0.57
(0.1169)

Priming (Reassemble) 0.0847 0.428 0.79
(0.1069)

Mental accounting -0.1458 0.150 -1.44
(0.0907)

Framing (Gains) -0.0452 0.619 -0.50
(0.0907)

Framing (Losses) -0.0543 0.548 -0.58
(0.0821)

Decoy 0.0480 0.559 0.58
(0.0821)

Social Norms 0.0983 0.274 1.09
(0.0899)

Default 0.2259%* 0.038 2.07
(0.1091)

Observations 475

Pseudo R? 0.021

Note. Dependent variable equals 1 if the subject has cho-
sen the contract with renewable energy, 0.5 for the decoy
contract, and zero otherwise. Model includes a constant.
Marginal effects calculated at sample mean. Standard er-
rors in parentheses. * x xp < 0.01, * * p < 0.05, *p < 0.1.
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