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This dissertation is composed of three applied economics essays about important topics

in public and environmental economics. The first is an analysis of the distributional effects

of demand shocks or demand-shifting policies in the context of energy markets and climate

policy. The second focuses on the use of remote monitoring technology and its effects on

the provision of the local public good of public safety. The third analyzes the effect of

imperfect real-world carbon pricing policies on carbon emissions.

Chapter 1 studies the impact of declining coal demand on local labor markets in coal

mining regions of the US. I separate the effect of a recent contraction in the coal industry

from other factors driving economic trends in coal country by constructing an instrument

for coal demand from producing counties. The instrument combines a regional model of

coal plant dispatch with variation in the exposure of producing counties to demand shocks

from the electricity sector. My estimates demonstrate that demand-driven declines in the

value of coal produced eliminate jobs primarily in coal mining and adjacent industries,

with the largest effects occurring in Appalachia and the West. I also estimate decreases in

in-migration, home values, and expenditures on public education, and increases in poverty.



Applied in a stylized spatial equilibrium model of location choice, my estimates imply

an aggregate decline of $0.5-1 billion in the economic welfare of coal country residents

resulting from a net decline of $3.7 billion in thermal coal production value from 2007-

2017.

In Chapter 2, using a novel data set on CCTV cameras in Chandigarh, India, we test

whether police officers’ effort changes in response to the presence of traffic cameras. Al-

though the cameras are useful in sanctioning drivers, they can also capture the passive

(shirking) or active (rent-seeking) corruption of officers. Accounting for the spatial and

temporal variations in the operation of the cameras, we find that the presence of a func-

tioning camera results in an increase in on-the-ground tickets. Although we do not rule out

possible decreases in rent-seeking behavior, a decline in passive corruption appears to be

driving the increase in officer ticketing behavior, particularly for the most common vehi-

cles and violations that can be observed from the CCTV cameras. Our findings indicate

that remote monitoring technology can serve, if not a substitute for, then as a complement

to on-the-ground enforcement.

In Chapter 3, we contribute to a growing body of empirical evidence on the efficacy of

carbon pricing policies, much of which finds that carbon pricing has produced only modest

reductions in emissions. We hypothesize that a complex policy environment and political

uncertainty are two possible mechanisms behind the limited effects measured in the litera-

ture. We focus on the experience of Australia which substantially expanded subsidies for

renewable energy in 2009 and also implemented a controversial carbon “tax” from 2012-

2014 before it was repealed. Using synthetic control and recent extensions, we estimate the

joint effect of the subsidy expansion and the tax to be substantial. We explore the dynamic

nature of the treatment effect as it relates to the changing political environment and explore

the mechanisms for the observed reduction in emissions.
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Chapter 1: The Local Economic and Welfare Consequences of Demand

Shocks for Coal Country

1.1 Introduction

In the past 15 years, coal-fired electricity generation in the US has declined dramati-

cally, and approximately 25,000 (34%) of domestic coal mining jobs have been eliminated.1

This trend is expected to continue, spurring significant interest in policies to limit the wel-

fare impact of structural changes in electricity markets on the coal producing communities

that have supplied them for over 100 years (Morris, 2016). For instance, in February 2022

the Biden administration announced more than $700 million to “catalyze economic revi-

talization in coal communities”.2 This announcement expands on existing policies that

have already distributed some $410 million dollars through various initiatives to applicant

counties (Shelton et al, 2021).

The impacts of declining coal demand on coal country are of interest to economists for

several reasons. First, they are a prominent distributional consequence of the transition to a

1Data: https://fred.stlouisfed.org/series/CEU1021210001. Difference calculated Jan. 2005 to Jan. 2020.
2https://www.doi.gov/pressreleases/biden-administration-announces-nearly-725-million-create-good-

paying-union-jobs
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lower carbon economy in response to to the threats posed by climate change. Second, they

are a significant demand-side shock to labor markets in producing regions, which relates to

a vast literature that studies trade and natural resource shocks (Autor, Dorn, and Hanson,

2013; Bartik, Currie, Greenstone and Knittel, 2019). Third, in the US and elsewhere, some

of the policy response is likely to take the form of place-based policies, such as geographi-

cally targeted grants (Furnaro et al. 2021). The success of these policies ultimately depends

on whether they address the real impacts of a declining coal industry.

Identifying the effects of demand shocks on coal producers, however, is challenging.

Coal producing regions in the US differ from the rest of the country in important ways,

making it difficult to construct counterfactuals for economic indicators in these regions.

This difficulty stems from the fact that many mining regions in the US were settled from

1870 to 1930 when coal was the dominant source of fuel in the US (Matheis, 2016). These

regions developed economies closely tied to the coal industry and have endured many cycli-

cal booms and busts in population, employment, wages, and economic growth, despite coal

mining’s long-term decline in employment at the national level.

This paper aims to present a more complete and policy-relevant picture of the effects of

declining coal production on residents of coal country by exploiting downstream variation

from the power sector. I construct an instrument for coal demand from each coal-producing

county in the US that maps changes in electricity markets up the supply chain to coal

producers, using comprehensive data on contracts between large coal-fired power plants

and mines. To isolate aggregate shocks to coal demand from electricity markets that are

2



exogenous to labor markets in mining counties, I predict demand by constructing regional

electricity models using hourly generation data from thermal powerplants.3 The motivation

for the empirical strategy is a comparison of producing counties with greater or lesser

exposure to recent declines in coal demand from the electricity sector, obviating the need

to compare historical producers with the rest of the country.

The instrument is applied to estimate the effect of production declines at mines on a

broad set of county-level outcomes in a long-difference, within-coal-country specification

using data from 2007-2017. I find that a typical decline in coal production value per capita

at the county level reduces mining employment and causes modest employment and wage

spillovers across industries, on the order of 30% of the initial impact on the mining sec-

tor. The largest effects occur in Appalachia and the West. On the 5-10 year time horizon

studied, I find evidence consistent with the idea that many out-of-work coal miners find

new jobs and unemployment effects are small. I also provide causal estimates of the effect

of demand shocks on several knock-on effects previously undocumented in the literature.

I find that local school district expenditures and state aid to general purpose governments

decline, and that poverty increases. Motivated by estimated declines in population and in-

migration, I summarize the causal estimates in the context of a theoretical model of location

choice. My estimates of household-level declines in economic welfare average around 5%

of initial wages per household (3.2% of initial adjusted gross income per household), and

imply a total welfare impact on the order of $500 million resulting from a $3.7 billion

3I employ the EPA’s Continuous Emissions Monitoring Systems (CEMS) data and model static, least-cost
dispatch of generators following a large economic literature dating at least to Borenstein et al. (2002).
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decline in thermal coal production (15.4% of baseline production value).

The primary contribution of the paper is the development of credible new estimates of

the effect of a recent contraction in coal industry on coal country’s residents, perhaps the

most broadly publicized distributional consequence of the transition away from coal in the

US electricity sector.4 My results confirm some of the analysis in Weber (2020), which

finds that coal-producing regions have experienced declines in aggregate earnings and em-

ployment, while contrasting its finding of nonexistent local spillovers across industries.5

My results on public goods also complement those of Metcalf and Wang (2019), who find

little evidence for the hypothesis that coal mining layoffs lead to opioid usage. I also pro-

vide causal estimates of the phenomena suggested in Morris, Kaufman, and Doshi (2020),

who provide descriptive evidence suggesting that there have been declines in local public

revenue related to declines in coal production.

Second, by exploring a broader set of outcomes than previous studies, estimating cap-

italization effects, and explicitly estimating economic welfare changes using a model of

spatial equilibrium, this paper contributes a more complete picture of the effect of demand

shocks on coal country’s residents. In doing so it connects to other literature that has ex-

plored broad effects of economic shocks on labor markets in other contexts (Feler and

4In using policy-relevant variation from the electricity sector, I also connect labor markets in coal coun-
try to a sizeable environmental and industrial organization literature studying the effects of environmental
regulations and the natural gas boom on electricity markets (e.g. Johnsen, LaRiviere, Wolff, 2019; Linn and
McCormack, 2019; Davis, Holladay and Sims, 2021; Watson, Lange, Linn, 2023).

5This finding aligns more closely with literature measuring the effects of demand and price shocks in
the 1970s and ’80s in Appalachia, which demonstrates that the economies of coal producing areas follow
trends in coal demand, with employment and wage spillovers mostly to the locally traded goods sector. The
same literature also documents the effects that booms and busts have on migration and educational decision-
making, suggesting that non-wage channels are also important in the transmission of demand shocks to the
local economy (Black et al. 2005 A,B).
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Senses, 2017; Allcott and Keninston, 2018) as well as literature examining place-based

policy (Busso, Gregory and Kline; 2013, Kline and Moretti, 2014). Ideally, the analysis

presented here is useful in understanding the consequences of shocks to local labor markets

more generally through a new application, as well as useful to policymakers as evidence of

the real (present and likely future) costs of climate policy and the energy transition to coal

communities.

The next section, Section 1.2, motivates the rest of the paper with background on coal

markets and the data available to perform the analysis. Section 1.3 outlines the econometric

strategy. Section 1.4 describes construction of the instrumental variable in detail. Sections

1.5 and 1.6 present 2SLS estimates of the effects of declining coal production on a variety

of outcomes. Section 1.7 ties together the causal estimates of the paper and calculates

approximate changes in economic welfare. Section 1.8 concludes.

1.2 Background and Data

From 2002 to 2007, the share of coal-fired electricity generation in the US was relatively

constant.6 Over the next 10 years it fell to nearly half of its previous market share, reducing

demand for coal from mines

Both during and prior to the period of declining coal demand from the power sector,

coal deliveries to power plants tracked closely with total production reported from mines

6Cicala (2015) argues that a flurry of state-level electricity market restructuring came to a halt in the wake
of the California electricity crisis of 2000-2001, suggesting that state-level regulation during this period was
also relatively stable.

5



as demonstrated by Figure 1.1. The figure shows mine-reported production from the Mine

Safety and Health Administration (MSHA) and Energy Information Administration (EIA)

form 7A alongside plant-reported coal deliveries from a combination of EIA 423 and EIA

923. Both data series are reported in short tons and benchmarked against EIA published

aggregates. All of the data sources show a significant decline from the early and mid-2000s

to the later 2010s.7 Coal mining employment, also reported in the MSHA data and EIA

form 7A, follows a similar pattern over time as mine production and deliveries to power

plants (Figure 1.3). These simple figures are highly suggestive that labor demand and

coal production at mines are responsive to coal consumption by power plants, which links

aggregate power plant demand to local labor markets.

The core empirical task of the paper is to credibly estimate the effects the trends outlined

above on labor markets in coal country. My measures of local labor market outcomes

come from several publicly available sources of data. I draw data on wages, employment,

and unemployment from the Bureau of Labor Statistics’ Quarterly Census of Employment

and Wages and Local Area Unemployment Statistics data series. I also examine effects

on local public revenues using data from the Census of Governments. A full Census of

Governments only occurs in years ending in 2 and 7, so I construct a harmonized panel of 5-

year differences at the county level to maintain a consistent estimation strategy throughout.

Finally, I present evidence of effects on population, migration, home values, and local

7Over the longer run, 90-95% of thermal coal produced in the US ends up at a US power plant. How-
ever, some care is required in interpreting Figure 1.2, because coal is stored relatively cheaply at both the
minemouth and onsite at power plants, so not all production and delivery is contemporaneous even at the
annual level.
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public goods. These measures come from a variety of sources which are outlined in detail

in the data appendix.8

The estimation sample includes all counties with a coal mine recorded in the MSHA

data as of 2000, 255 counties. One dominant producer and extreme outlier in terms of

productivity (Campbell County, Wyoming of the Powder River Basin) is omitted from all

estimates, as it accounts for around 35% of coal production by short tons for most years

in the sample - a figure which remains stable from 2007-2017. Summary statistics for the

estimation sample in 2007 are shown in Table 1.1. On average, coal counties are relatively

rural, with an average population of around 62,000. Though the share of coal miners in

the workforce averaged around 3%, the maximum in the sample is more than 40%, and

coal counties produced an average of $94.3 million of thermal coal in 2007. Notably, the

average mining sector job in coal country had about 20% higher wages than the average

across all jobs.9

One of the key contributions of the paper is a new estimation strategy that more credibly

identify the effects of demand shocks to the coal industry on coal communities, described

in further detail in the Empirical Strategy section. Here I briefly outline the data sources I

use to instrument for coal demand from the electricity sector. Data on electricity generation

by fossil fuel plants comes from the Environmental Protection Agency’s (EPA) Continuous

Emissions Monitoring Systems (CEMS) data, which contains hourly gross generation and

8Population data comes from the US Census and migration from the IRS county-to-county migration files.
Several indicators (such as educational attainment and median home values) are drawn from the ACS. The
data appendix also contains further detail on data processing and lists other data sources used to construct
control variables described with the estimation strategy.

9Appendix A.1 shows statistics on variables relevant to the study but not covered in Table 1.1.
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emissions for most coal-fired boilers in the US. I use the EPA’s eGRID data as my source

of metadata on boilers and power plants. The EIA 423 and EIA 923 data for power plants

contains information on coal characteristics and origin reported by power plants. These

data are used to infer a long run average heat content of coal from each coal producing

county, and to link between coal mines and the coal-fired power plants they supply. I value

the coal using state-level fuel prices from the EIA’s State Energy Data System (SEDS).10

Production at the mine-mouth and employment of coal miners is reported by the MSHA

and EIA Form 7.

1.3 Empirical Strategy

The empirical strategy is designed to estimate the effect of recent declines in coal pro-

duction by mines on coal producing communities. Using nearly all11 of the 255 counties

with a coal mine present in MSHA data since 2000, I start by estimating the coefficients of

models with the form of Equation (1.1). Counties are indexed by c and times are indexed by

t ∈ {2002,2007,2012,2017}, while the difference operator ∆ indicates a 5-year difference

10While the natural physical unit of measurement in the EPA CEMS and EIA 423 and 923 data is Btus of
coal, the MSHA/EIA supply-side data is measured in short tons, meaning that conversion to dollar amounts
for continuity with the coal demand measure is not trivial. To do so, I use the EIA 423 and 923 data to infer a
long-run average Btu content of coal produced in each county. Where sufficient data is not available, I impute
the average of the five nearest neighbor counties (based on centroid distance), allowing me to use state-level
prices from the SEDS database to convert to dollar amounts.

11As previously mentioned, Campbell County, WY is excluded from all estimation due to its status as a
very large producer and an extreme outlier. Estimation results are sensitive to its inclusion.
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between time t and t −5.12

∆Yct

Popc,t−1
= β1[

−∆Dct

Popc,t−1
]+X ′

ctβ2 + γt + εct (1.1)

The variable ∆Yct is a county-level change in local outcomes (such as employment

in different industries), and is normalized by start-of-period t population estimates from

the US Census. The key independent variable is ∆Dct , the change in total value of coal

produced at mines in county c, similarly normalized. This variable captures both declining

production (for which miners might be laid off) and mine closures (where the number

of miners goes to 0). Production values are smoothed with two lags at the start of each

period (e.g. t = 2007 is averaged with 2006 and 2005) to reduce measurement error due

to coal storage both at mines and plants, as well as frictions that might slow labor market

adjustment. The coefficient of interest is β1, which measures the relationship between

changes in coal production value per capita and county outcomes.

I use Equation (1.1) to estimate labor market outcomes for which the object of interest

is an aggregate change within the county, such as the total number of jobs lost or the total

decrease in wage earnings by sector. The model is estimated using two stacked five-year

differences, 2007-2012 and 2012-2017, which breaks the ten-year period of rapidly declin-

ing coal dispatch into an earlier period with small impacts (in which coal production and

12I use 5-year differences ending in years 2 and 7 due to the data restrictions imposed by the Census of
Governments. They also align relatively conveniently with trends in coal demand - relative stability from
2002-2007, declining dispatch but with some modestly increasing production from 2007-2012, and rapid
declines from 2012-2017.
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employment actually increased in many counties) and a later period in which production

and employment in mining rapidly declined. The period fixed effect (γt) is allowed to vary

at the regional level to control for transportation cost differences across regions and other

cultural and economic differences that might independently drive trends in local outcomes,

with coal-producing regions adapted from Stoker et al. (2005) and depicted in Figure 1.4.

The unit of analysis is the county, but estimation is structured around the commuting

zone to acknowledge the important economic interactions between counties within a com-

muting zone (Tolbert and Sizer, 1996). Standard errors are clustered at the commuting zone

level, and the Xct vector contains several relevant controls measured at the start-of-period t

computed at the commuting zone level (including non-producing counties) that might inde-

pendently impact mining employment, wages, and local labor market conditions more gen-

erally. Specifically, I include the baseline share of mining employment in the commuting

zone, the share of manufacturing employment, share of employment in the transportation

and utility sectors, and share of the population with a bachelor’s degree. Additionally, I

include the baseline value of oil and gas production calculated using Enverus and EIA data

(aggregated to the commuting zone level) to mitigate concerns that co-location of oil and

gas production with coal reserves influences the estimates.

I also use Equation (1.2), which shares almost the exact same structure as Equation (1.1)

with one key difference - the dependent variable is typically a log change, and any normal-

ization by population or employment is contemporaneous. While this specification has the

disadvantage of omitting zero-valued outcomes, it has the advantage of directly estimating
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an approximate proportional change in the outcome variable. This is useful to estimate

changes in quantities that have most meaning with contemporaneous normalizations, such

as average wages (per job) or average public expenditures per capita.

∆ log(Yct) = β1[
−∆Dct

Popc,t−1
]+X ′

ctβ2 + γt + εct (1.2)

Coefficients β1 from Equations (1.1) and (1.2) might have a causal interpretation if one

is willing to assume that changes in coal production value are exogenous or as-good-as

random with respect to the characteristics of the county of production. It is not difficult

to imagine channels through which this assumption is potentially violated. Some mines

may face a secular decline in productivity that independently drives lower production and

lower wages for miners. Some commuting zones may have better amenities or tighter

labor markets that affect the ability of mines to compete on output price and decrease

their production. Put another way, if local economic conditions impact mine output, then

ordinary least squares estimates based on Equations (1.1) and (1.2) suffer from reverse

causality. To overcome these issues, I instrument for changes in coal production value

using predicted demand from a model of the electricity sector mapped back to coal counties,

described in greater detail in the next section.
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1.4 Details of the Coal Demand Instrument

The instrumental variables strategy of the paper is to identify the proportion of declin-

ing coal production at mines that is driven by factors reducing generation by coal-fired

power plants in electricity markets (most importantly, declining natural gas prices). To

parsimoniously summarize the influence of these factors, I estimate yearly variation in ag-

gregate coal demand from power plants using simplified models of electricity generation at

the regional level covering the continental US.13 Long run changes in demand are mapped

to coal producing counties using market shares calculated during the period of relative

stability from 2002-2007. The instrument thus follows a shift-share logic, where market

shares are held fixed and are multiplied by exogenous variations in demand, yielding an

instrument for coal demand from each coal mining county in the US.14

There are two key components to the instrument - the dispatch models and the mapping

between coal-fired power plants and mines. The dispatch models summarize aggregate

coal demand from different regions. The inputs to the dispatch models are region-level

electricity load, technology mixes, and state-level fuel prices, so identification relies on the

assumption that those inputs are sufficiently “large” relative to mining counties to be treated

as exogenous. The supply relationships between power plants and coal mines provide a

mapping between labor demand in coal producing counties and coal demand in the power

13Specifically, I use dispatch models based on the EPA’s eGRID Subregions (discussed further in the next
section).

14In this case however, there are many aggregate shocks and the shares that define exposure are not local
employment ratios, but county-to-market shares of coal.
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sector. Supply relationships are held constant prior to the estimation period from 2007-

2017 to eliminate the potential influence of endogenous contract changes between plants

and mines during the estimation period from 2007-2017. By construction then, mining

counties are exposed to demand shocks only through an immutable characteristic - past

relationships to prior customers. This section describes construction of the instrument in

more detail - the dispatch models, the shares, and the formal definition of the instrument;

before moving on to direct and indirect tests of its validity.

1.4.1 Dispatch Models

The dispatch models are least-cost economic dispatch models. Generating units are

dispatched according to their costs, a very simple approximation of actual electricity mar-

ket operation in the US.15 Low-cost units operate when total load (electricity usage) is low

and higher-cost units operate only at high levels of load. The model closely follows the

approach of Johnsen, LaRiviere and Wolff (2019) or JLW, where supply curves are con-

structed for each electricity load region and year and dispatch is run hourly using observed

state-level fuel prices and region-level demand. Inputs are the EPA’s CEMS data and the

EIA’s state-level fuel prices (from SEDS).

The main departure of this paper’s dispatch model from that of JLW is the use of the

EPA’s eGRID Subregions (polygons depicted in Figure 1.5) rather than North American

Electric Reliability Corporation (NERC) regions. EPA eGRID subregions divide the con-

15This is sometimes achieved through a coordinated market mechanism as in the ISO/RTO regions, and
sometimes by regulated utility companies managing wholesale generation.
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tinental US into 20 electricity load regions within which electricity flows relatively freely,

rather than 8 as with NERC. This choice was motivated to balance the goal of choos-

ing the smallest electricity market definition possible (increasing predictive power of the

instrument) with ensuring that each coal-producing county only enjoyed a small market

share in terms of fuel delivered to market participants (strengthening the argument for ex-

ogeneity).16 Market shares of mining counties and the instrument’s predictive power are

discussed in the following subsections.

Within a market and year, a model run consists of 4 main steps. First, using only CEMS

data, an average heat rate for each thermal generating unit is calculated by averaging heat

input in millions of British thermal units (mmBtu) per megawatt-hour (MWh) of electricity

generation. Second, unit capacity is calculated using the observed maximums of genera-

tion on days in which the unit produced for more than 1.5 hours. Third, a supply curve

is constructed by multiplying unit heat rates by state-level fuel input prices, yielding an

estimated marginal cost for each unit. Ranking units by marginal cost and calculating a

running sum of observed capacities yields the supply curve. Fourth, for each hour of the

year, the supply curve is intersected with total observed generation by fossil fuel plants in

the load region, and the lowest cost plants required to meet this demand are “dispatched”

for the full hour.17

16In reality, neither NERC regions nor EPA eGRID Subregions are the actual boundaries at which electric-
ity dispatch occurs, which are known as balancing authority areas (BAAs). In most cases BAAs are contained
within eGRID subregions. However, because electricity is traded across BAAs, EPA subregions, and even
NERC regions, a model that simulates least-cost dispatch using NERCs or subregions as an approximate
market definition is reasonably capable of predicting true generation by thermal plants (albeit with significant
prediction errors if transmission and dynamic constraints are not modelled).

17Though no data similar to CEMS is publicly available for non-CEMS generators, this method approxi-
mates electricity supply assuming that non-CEMS generators are price insensitive. This not always, but often
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To illustrate, Figure 1.6 shows an example of the supply curve modelled for a market

in the southern US (SRMV, a subregion of SERC) in years 2008 and 2016. The gray shape

behind each estimated supply curve shows the (arbitrarily rescaled) density of hourly fossil

load in the region. In other words, the height of the gray curve is proportional to the number

of hours that total regional load was equal to the corresponding value on the x axis. In 2008,

the lowest cost units were all coal-fired power plants. By 2016 there is almost complete

overlap in the marginal cost of gas units and coal units, and an oil-fired “peaker” plant also

appears. Note also the overall downward shift in the cost curve for the same quantity of

generation, which is almost entirely due to declining natural gas prices which shifted them

lower in the merit order.

The dispatch model yields a value of predicted generation for nearly the universe of

coal-fired generators in the US, derived from the interaction of generation technologies,

market-level load, and state-level fuel prices. Figure 1.7 plots predicted versus actual gen-

eration for the regions whose supply curves are depicted in Figure 1.6. The model has

significant predictive power, which is sufficient for use in the instrument, though it fails to

capture dynamic and congestion constraints that shift the true merit order. Annual market-

level coal demand is calculated by converting each coal plant’s predicted generation to

the mmBtus required to meet its dispatch requirements (via the estimated heat rate), and

summing across all coal plants in the market.

the case (i.e. most renewables are non-dispatchable, nuclear plants face very costly constraints in altering
output).
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1.4.2 Mapping from Load Regions to Coal Counties

To map changes in aggregate demand for coal derived from the electricity sector model

to mining counties, I use producing-county-to-load-region shares that do not vary during

the estimation period following Watson, Lange, and Linn (2023). For each load region b,

I compute the share of coal Btus delivered by each supply county c over the entire period

from 2002-2007.18 Figure 1.8 shows a strip plot that displays the entire distribution of

market shares separated by eGRID Subregion. No coal producing county in the estimation

sample enjoys a market share in the period from 2002 to 2007 of more than 40% in terms

of Btus of coal delivered from county to load region and only 3 counties enjoy a market

share of more than 30% in any load region.19 This fact supports the assumption that EPA’s

eGRID Subregions are sufficiently large as a power market definition such that no one coal

producing county can exert a dominant influence on load region dispatch, which is required

for the regional shocks to serve as valid instruments.

Predicted demand for coal deliveries from county c is derived by mapping yearly vari-

ation in region-level coal demand during the years of falling dispatch back to previous

suppliers. Mathematically, predicted demand for coal from county c in year t, D̃ct is given

by

18This calculation relies on EIA 423 and 923 data, which has a plant reporting threshold of 50 or more
MW of nameplate capacity, but still contains about 95% of all coal deliveries Figure 1.2.

19Campbell County, Wyoming is the only exception to this condition, and is excluded from all calculations
and estimation other than previous descriptive analysis of trends in national production.
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D̃ct = ∑
b

[
Delivcb0

Delivb0
] ˜Demandbt (1.3)

for t > 2007. Reading Equation (1.3) from right to left, for each electricity load region b,

annual coal demand ˜Demandbt is aggregated from the dispatch model in years t > 2007.

These load region demands are mapped back to supply county c via its share of total de-

liveries to load region b, Delivcb0
Delivb0

, where t = 0 denotes the entire period from 2002-2007.

Summing across shocks from the 20 load regions yields the expected demand for coal from

county c. All market share calculations are performed in Btus and later converted to dollars

using the EIA SEDS data.

1.4.3 Instrument Relevance

The predicted demand instrument is highly correlated with county level production

across different specifications and is robust to controls. Figure 1.9 plots the fully trans-

formed IV (5-year changes in predicted coal demand value per capita) against observed

changes in coal production value in USD per capita. Each county has two observations

corresponding to the periods 2007-2012 and 2012-2017. Figure 1.9a differentiates points

by region suggesting that it is highly (but imperfectly) predictive across all coal regions,

while Figure 1.9b differentiates points by period showing that the majority of declines in

demand and production occurred in the latter period from 2012-2017.
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1.4.4 Instrument Validity

Valid IV estimation of the coefficient β1 in Equations (1.1) and ((1.2)) requires that

my measure of coal demand only operates on local labor market outcomes through its

direct, contemporaneous impact on the coal industry. This section presents reduced form

estimates that explore whether the instrument follows patterns of correlation consistent

with this condition.

Table 1.2 shows reduced-form estimates of β1 from Equation (1.4) below against em-

ployment in different sectors in different time periods. Equation (1.4) follows the same

structure as Equation (1.1), except commuting zone controls are omitted and outcomes are

regressed directly against the instrument. The key regressor (∆D̃ct per capita) is standard-

ized to have mean 0 and standard deviation 1, so that coefficients measure the effect of a

one standard deviation decline in predicted coal demand per capita on local employment

across sectors.

∆Yct

Popc,t−1
= β1[

−∆D̃ct

Popc,t−1
]+ γt + εct (1.4)

Panels A-C of Table 1.2 show reduced-form estimates of β1 from Equation (1.4) by time

period over the period of declining coal demand (2007-2017). Panel A shows the results of

estimating with both of the later periods in the stacked difference model. The coefficient

of -0.53 in column (1) of Panel A means that a one standard deviation exogenous decline
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in coal demand is associated a 0.53 percentage point decrease in coal miners per capita

in the county. All other coefficients in the table are interpreted similarly. Panels B and

C of Figure 1.2 estimate Equation (1.4) separately for the periods 2012− 2017 (panel B)

and 2007− 2012 (panel C), where D̃ct is the contemporaneous value of demand declines

from power plants. The results in panel B are similar to those in panel A, suggesting that

the dominant effect of demand declines occurred in this later half-decade. In panel C the

results remain negative but become statistically insignificant.

Panel D of Table 1.2 serves as a placebo exercise of the reduced form specification. In

this panel, past changes in employment are regressed against the average of future changes

in predicted demand for coal from the electricity sector. This is done to alleviate concerns

that the estimates capture a long-run secular decline in either productivity or general labor

market conditions, rather than the contemporaneous effect of declining demand from coal

power plants. The key right-hand-side regressor is the average value of long-run demand

declines in the half-decades from 2007-2012 and 2012-2017. The results show no evidence

of negative correlation between future demand declines and past (2002-2007) trends in

employment across sectors. In fact, the correlations are relatively small and positive, which

is evidence against such reverse causality and suggests that counties that fared worse from

2007-2017 fared (if anything) slightly better from 2002-2007. In this context, Panel B also

alleviates statistical power concerns that might arise in the falsification exercise - there is

indeed sufficient variation to identify effects even in a 1-period estimation, though the main

results of the paper use stacked differences to incorporate more data and increase precision.
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The results in Panel D of Table 1.2 show that the measure of predicted coal demand used

as an instrumental variable is uncorrelated with pre-existing trends in local labor markets,

which indirectly supports a valid exclusion restriction. That is, no effect is found prior to

the demand shocks that the IV is meant to measure. While this is comforting for direct

estimates on employment and wages, it is possible that supply counties that would later

suffer demand declines have other pre-existing trends that separate them from other coal

counties.

To address the concern that the instrument may capture spurious trends in locations that

would later suffer demand shocks, Figure 1.10 show coefficients from regressions similar

to panel A of Table 1.2 that test this assumption for several outcomes relevant later in the

paper.20

That is, Figure 1.10 shows regressions of past trends (2002-2007) against future de-

clines in coal demand. While technically Figure 1.10 does not show strong statistical

evidence of correlation between future demand declines and trends in total employment

and wages, labor force participation, home values, migration, or local government revenue

from 2002-2007, some of the point estimates are large and 95% confidence intervals are

wide (a coefficient of 0.1 indicates a 10% difference). Comfortingly, Figure 1.10b sug-

gests that adjusting for start-of-period commuting zone controls does a reasonable job of

adjusting for pre-period differences in these variables, moving the largest coefficients close

20The specification for these regressions is a reduced-form version of Equation (1.2) given below:

∆ log(Yct) = β1[
−∆D̃ct

Popc,t−1
]+ γt + εct
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to zero. Eight of 10 coefficients are indistinguishable from zero (and more generally close

to zero relative to the tails of their 95% confidence interval) bolstering the argument for a

conditional-on-observables interpretation of the instrumental variables results in the rest of

the paper.

1.5 The Impact of Demand Declines on Employment and Wages

Table 1.3 presents instrumental variables estimates of β1 from Equation (1.1) where

the dependent variable is employment or total earnings per capita in coal mining or other

sectors within the county according to BLS definitions. The key independent variable ∆Dct

per capita is the 5-year change in the total value of coal produced by mines per capita

according to MHSA and EIA data, a supply-side measure of production. It is instrumented

with ∆̃Dct , changes in predicted demand for coal by power plants per capita as defined in

Equation (1.3). For ease of interpretation, total production value per capita is standardized

to have mean 0 and standard deviation 1. The coefficients measure the effect of a one

standard deviation decline in production value per capita, or about $4,800 per capita (Table

1.1b) on local outcomes.

The first two columns in Panel A of Table 1.3 show that a one standard deviation de-

cline in coal production per capita is expected to reduce the number of miners per capita by

0.94 percentage points as measured by the MSHA, or 1.16 percentage points by the BLS

measure of mining employment. The MSHA data is filtered to include only employees

classified as miners at coal mines and so is potentially a more conservative measure. Col-
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umn (3) of Panel A suggests that there are indeed employment spillover effects on the order

of 39% according to BLS employment categories. Columns (4) and (5) show negative but

statistically insignificant point estimates on manufacturing employment and employment in

non-tradeable (or locally consumed) sectors. Column (6) clarifies that most of the effects

on the non-tradeable goods sectors appear to be dominated by sectors directly in business

with coal mining such as utilities and transportation. These findings are most consistent

with the idea that coal mining mostly affects the local economy through a direct business-

to-business demand channel.

Panel B tells a similar story, where in column (2) the results imply that a decrease of

$4,800 per capita of coal production decreased total mining wages by $1,048 per capita

and total wages by $1,349, an estimated spillover of roughly 29%. Column (4) shows in-

significant results across Panels A and B on manufacturing employment and wages, while

non-tradeables show a decline of $250, about 70-80% of which is driven by adjacent in-

dustries, in particular those those that directly transport or use coal. Results in column (5)

are somewhat nuanced. While the evidence for an employment effect in non-tradeables is

statistically weaker than the wage effect, Panel B suggests that coal mining also affects the

economy through the demand channel of mining wages, though it is not large relative the

impact on the utilities and transport sector.21

21Figure 1.11a displays these coefficients visually. Figure 1.11b shows complementary evidence, estimates
of changes in log wages per job estimated with Equation (1.2). The patterns are similar across figures, but
suggest that the decline in total wage earnings by miners is a result of fewer workers rather than lower wages
per worker, while in other sectors it appears to be both fewer workers and lower wages per job.
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1.5.1 Benchmarking the Employment Estimates

One way to understand the economic importance of the employment effects is to bench-

mark them using the overall decline in coal production and employment during the sample

period. Put another way, one can ask: How much of the observed decline in mining employ-

ment do the estimates explain? An important assumption greatly simplifies this calculation

- that the estimates measure absolute changes in employment, not solely relative changes,

so that a decrease in the number of miners in a county means a similar decrease in the total

number of miners nationally. This assumption is supported by the fact that the number of

miners nationally was indeed rapidly declining as demand from the power sector declined

(Figure 1.3).

The simplest way to perform this exercise is to read the coefficient in Panel A of Table

1.3 as the effect of a $4,808 exogenous decline in coal production value on mining employ-

ment. This is also an appropriate interpretation given that the normalization by population

is lagged on both sides of the equation. Normalizing the total reduction in thermal coal

production value from coal country between 2007 and 2017 (3.7 billion dollars) by $4,808

and multiplying by the estimated effect size (0.0094) yields an estimate of about 7,234

miners, or approximately 41% of the observed decline (17,678 miners).22 Replacing the

22Equivalently, one can use the original interpretation of the coefficients as follows, though the calculation
is messier. The estimated effect on MSHA-measured coal miners in column (1), Panel A of Table 3 suggests
that a $4,808 decline in coal production value per capita at mines reduces coal mining employment per
capita by 0.94 percentage points. Normalizing the 3.7 billion dollar decline in production value by the 2007
population of coal country yields $232 per capita. Normalizing this figure by 4808, multiplying by the
estimated coefficient (0.0094) yields a similar 41% when compared to 17,678 miners (also normalized by the
2007 population of coal country).
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base year (2007) with the year of maximal production value and employment in the sample

(2011), the change in production value increases to over $10 billion, the change in mining

employment to over 28,000, and the portion of explained variation to just over 80%.

Aside from the fact that meaningful proportions of US-produced coal are exported and

used for metallurgical purposes, it is intuitively reasonable that demand declines from the

power sector may not explain a significant portion or even a majority of recent employ-

ment declines at coal mines. Secular productivity declines at mines, compliance or other

cost pressures, and substitution of labor for capital in the industry more broadly may also

be behind these trends. Nonetheless, the back-of-the-envelope calculation presented here

suggests that declining power plant demand is an important, if not dominant factor in recent

declines in coal mining employment. This fact in-and-of itself is important for understand-

ing the broader impacts of environmental policies (or other policies) that advantage some

electricity generation technologies over others.23

1.6 Impacts Beyond Employment and Wages

This section looks beyond direct labor market impacts in the coal mining sector and

even spillovers to local industries via demand channels. The main reason to extend the

analysis in this way is that estimated effects on wages and employment may not adequately

characterize even the economic effects of demand shocks on coal communities. For in-

stance, out-of-work coal miners have several margins on which they can respond to a job

23For a detailed exploration of the causes of recent changes in coal dispatch and retirement, see Linn and
McCormack (2019), among others.

24



loss, such us remaining unemployed, leaving the labor force through retirement, or migrat-

ing. Moreover, indirect evidence on the price of locally consumed goods such as housing

can provide evidence on the magnitude of the demand spillovers caused by lower employ-

ment. Finally, the effect of large demand shocks can have ambiguous effects on local

amenities and publicly-provided services. Reduced tax revenue may cause declines in pub-

lic service levels, but outmigration can simultaneously reduce congestion pressures on local

public goods.

1.6.1 Population and the Labor Force

Table 1.4 shows the results of IV estimation using the full 2-period differenced model

with population (from the Census) and migration (inferred by the IRS from tax receipts) as

the outcome variables. Panel A presents estimates from Equation (1.1) with the dependent

variable normalized by lagged population, and panel B from Equation (1.2), with the de-

pendent variable log-differenced. Coefficients report the estimated effect of an exogenous

one standard deviation decline in coal production value per capita in the county. Estimates

in columns (1) and (2) suggest that reduced coal production may accelerate population

decline, though perhaps in an unexpected way. In column (1) of Panel B, total popula-

tion declined by approximately 0.9% following a decline in production value relative to a

counterfactual in which the decline did not occur. In columns (2) and (3) of panel B, IRS

county-to-county migration files show a 5.5% decrease in in-migration for each standard

deviation decline in coal production value per capita, with a very small (statistically zero)
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estimated increase in outmigration. The statistical strength of these results are robust to

changing the specification as shown in Panel A, where a one standard deviation decline

in coal production value decreases in-migration by 0.2 persons per capita and population

growth by 0.89 percent.

Table 1.5 presents further evidence on the activities of the working age population in a

similar format to Table 1.4, with estimates from Equation (1.1) in panel A and from Equa-

tion (1.2) in panel B. Columns (1) and (2) reproduce results on employment with slightly

different aggregation, with panel B demonstrating that mining employment decreased al-

most 14% while nonmining employment decreased only 1.8%. Columns (3) and (4) show a

somewhat surprising result - very small and insignificant effects of declines in coal produc-

tion value on both the number of individuals not in the labor force (NILF) and the number

of unemployed individuals.24 Both estimates show small but noisily estimated increases.

Combined with the results of Table 4, these estimates suggest that laid-off coal miners may

re-integrate into the labor force quickly. Column (5) provides some evidence on the eco-

nomic meaning of shocks to residents of coal country, suggesting that the number of poor

individuals increased by an average of 3.6% in response to a one standard deviation decline

in coal production value per capita in the county.

24I estimate the number not in the labor force (NILF) by subtracting the BLS labor force estimates from
census estimates of population from ages 15-64 in each county.
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1.6.2 Public Finance and Public Goods

Table 1.6 examines local public finances, split into general purpose (GP) expenditures

and revenues in Panel A and school district (SD) expenditures and revenues in panel B.

General purpose governments include counties as well as municipalities and township gov-

ernments with corresponding boundaries according to the Census of Governments. Panel

A shows that expenditures and revenues collected by local general purpose governments

show statistically insignificant changes, while state support shows a striking 20.2% de-

crease. This is likely due to the distribution of severance tax revenues collected at the state

level, which are generally allocated by formula. Thus as production declines, state support

declines. This result certainly begs the question of whether this is sound policy, because

state aid is reduced when its marginal value may be relatively high. On the other hand, gen-

eral purpose governments appear positioned to cushion this blow to total revenue, perhaps

by raising taxes, consistent with the positive point estimate in column (3). Total school dis-

trict revenues and expenditures on the other hand declined by a substantial 4.4% and 4.1%,

respectively. This result is supported by the even larger proportional decrease estimated in

local revenues from property taxes per standard deviation decline in coal production value

per capita, because school district revenue is generally closely tied to property taxes.

Table 1.7 explores effects on two public goods commonly studied in the economics

literature for which data is available, crime rates and education. Columns (1) and (2) show

no measureable effect on either violent or property crime rates per 1000 residents. Both

point estimates are negative, but have large standard errors. Column (3) suggests that an
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exogenous decrease in coal production value per capita may substantially increase teacher

to student ratios, but the estimate is too noisy to make a definitive statement about the result,

while column (4) suggests that the number of teachers declines by 2.2%, consistent with

lower school funding. The overall message from Table 1.7 is that traditional measures of

effects on public goods or “local amenities” show relatively weak evidence of positive or

negative effects over the time horizon studied.

1.6.3 Regional Heterogeneity

Table 1.8 examines effect heterogeneity at the regional level. Each row contains 4 co-

efficients with estimates of the effect of a one standard deviation decline in coal production

value per capita on changes in the outcome listed on the left hand side of the table. The

table is split into three main categories - the labor market, home values and migration, and

public finance. In general Appalachia appears have the largest effect sizes across most cat-

egories (and the most precise estimates due to sample size). Several patterns emerge from

the labor market results in Panel A. First, the largest and most precisely estimated employ-

ment effects in the coal industry are in the Appalachian/East and Illinois basin, while the

largest point estimates on wages are in Appalachia and the West. Second, significant im-

pacts on the total labor force show up in the Western region, but the largest effects occur

in Appalachia. Interestingly, home value declines appear to be proportionally largest in the

West and reductions in in-migration are comparable between Appalachia and the West. A

few unexpected results emerge in the migration categories, where the Illinois basin expe-

28



rienced increased in-migration correlated with declining production values and the Interior

region counties apparently experiencing a very large decrease in both in-migration and out-

migration. In panel C, public revenue impacts are again driven by school district revenue

declines both in Appalachia and the West, with the largest (in percentage terms) occurring

in the West.

1.7 Changes in Economic Welfare

This paper estimates the effect of demand-driven declines in the produced value of coal

on a variety of outcomes in coal communities. The primary effects are declines in em-

ployment and wages, a decline in home values and local public revenues and expenditures,

and declining in-migration. While these effects can be summarized and aggregated across

different regions or characteristics of individuals, it remains unclear what the relative valu-

ation of such changes mean to individuals in the economy, and therefore difficult to make

statements about the welfare of the residents of coal country. This section offers several

calculations to tie together the key estimates in the paper.

1.7.1 Capitalization

One way to understand the effects in the paper is to consider their incidence across

in- and out-of-county wage earners, home owners and renters, and households with and

without children. An in-county wage earner that owns a home in a household with children

bears the incidence of the three largest estimated effects: a decline in wages, a decline in
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home equity, and a decline in education spending per capita. Households with no children,

renters, and non-resident landlords or workers who commute out of the county avoid some

of the incidence of these shocks.

Table 1.9 summarizes these effects with estimates following the standard format. Col-

umn (1) shows that a standard deviation decrease in coal production per capita is predicted

to reduce average wages by 4.2%, while columns (2) and (3) show that a one standard

deviation production decline per capita is capitalized into a 3% decline in median home

values, while rents decline to a lesser extent, a statistically insignificant 1.3%. Column (4)

replicates the result from Table 1.6 showing a 4.1% decline in school district expenditures

per standard deviation decline in coal production value per capita.

In a strict interpretation of a Roback (1982) style spatial equilibrium model with in-

elastic housing supply and elastic migration, the object of most interest is the change in

property values, which incorporates all changes in the willingness-to-pay of individuals to

live in a particular location. A ballpark estimate of the aggregate effect on home values

might use the median as a conservative estimate of mean combined with the $3.7 billion

dollar decline in coal production across coal country, similar to the benchmarking exercise

in Section 5. Normalizing by population, scaling to the effect of one standard deviation,

and multiplying by the total number of “households” (identified by tax returns in Appendix

A.1) yields an estimate of about $1.03 billion in home value declines. It is likely correct to

think of the observed change in school district expenditures on public education as a knock

on effect of this change, and it is important to note that some of this decline is likely a
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transfer from property owners to renters.

1.7.2 Calculations based on Spatial Equilibrium

To complement the capitalization effects described above, in this section I examine a

model that focuses on the choice of mobile households in in the rental market. Combining

the insights of the model with my causal estimates and parameters from the literature,

the analysis provides a summary evaluation of the effects of declining coal demand on

economic welfare in coal country.

The model is a representation of location choice by homogeneous agents that value real

wages and public goods or amenities. Using the concept of spatial equilibrium, it suggests

a mapping from a proposed utility function to observable migration decisions, and simpli-

fying assumptions imply that both the utility model and the model of migration decisions

contain the same parameters (for example, higher wages in county c both increase utility

and encourage migration to the county). The intuition is that migration responses reveal the

value of marginal changes in the bundle of wage and amenity characteristics of different

locations. Drawing on key parameters estimated in the literature that link the characteris-

tics of locations (wages, rents, and amenities) to long-run migration decisions allows me

to combine the observed changes in wages with money-metric valuations of changes in

non-wage housing costs and school expenditures in the context of demand shocks to coal

country.

The model characterizing location choice draws mostly on Bartik, Greenstone, Currie,
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Knittel (2019), which uses a similar approach to estimate the willingness-to-pay of indi-

viduals and communities to permit hydraulic fracturing. My derivation is quite similar to

theirs, and also draws on Kline and Moretti’s (2014) analysis of place-based policy. Param-

eter estimates of migration elasticities with respect to wages, housing costs, and a vector

of amenities (including education expenditures) are drawn from the structural modelling of

Diamond (2016).

The model economy consists of many homogeneous individuals 1, ..., i, ...,N who value

wages, rental rates, and local public goods and receive an individual-county specific pref-

erence shock. Individuals choose a region c to maximize their indirect utility Uic given by

Equation (1.5), where wc, rc, and Gc are the wage rate, cost of housing, and local amenities

in c. While their choice of region is endogenous, they take the characteristics of each region

as exogenous.

lnUic = αlnwc +β lnrc + γlnGc + εic (1.5)

Conditional on location choice, individuals inelastically supply one unit of labor. Con-

sider the comparison that individual i makes between region c and another location k. The

individual chooses region c if Inequality (1.6) holds.

α[lnwc − lnwk]+β [lnrc − lnrk]+ γ[lnGc − lnGk]+ [εic − εik]> 0 (1.6)

Intuitively, Inequality (1.6) holds when an individual’s idiosyncratic preference for region c
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exceeds the utility premium the individual would receive from living in k. If the differences

εic − εik are draws from an exponential distribution with shape parameter one, then the log

share of individuals residing in region c is approximated by Equation (1.7).

ln(
Nc

N
) = α[lnwc − lnwk]+β [lnrc − lnrk]+ γ[lnGc − lnGk] (1.7)

An elastic housing supply function given by Equation (1.8) closes the model and shrinks

the range of parameter values that yield corner solutions.25 Equilibrium is achieved when

all agents choose their preferred location, and the housing market adjusts.

lnr j = η1 j +η2 jN j, j ∈ {c,k} (1.8)

To reach a usable expression for changes in willingness to pay for the bundle of char-

acteristics of region c, assume that region c is small relative to location k26 and take the

derivative of ln(Nc
N ) from Equation (1.7) with respect to lnwc. This leads to Equation (1.9),

in which α in the utility model is equal to the elasticity of (Nc/N) with respect to the wage.

Analogously, β and γ are also equal to the elasticities of population share in region c to

25While the distributional assumption on εic−εik is analytically convenient, it indicates that all agents have
a “relative” unobserved preference for region c. Endogenizing rents creates a feedback between population
shares and home prices captured by the semi-elasticity η2 j that pushes the desirability of locations towards
equality.

26The assumption of the “smallness” of location c follows Bartik et al. and implies no general equilibrium
effects - e.g. marginal changes in prices in region c do not affect prices in k. It can be thought of as letting
k represent “everywhere else” and greatly simplifies the relationship between the migration function and the
utility function.
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rents and local amenities in c.

dln(Nc/N)

dlnwc
= α (1.9)

Next, let wages, rents, and public good expenditure each be a function of a latent index

θ that may represent global demand for a good produced only in region c. Taking the

derivative of Uic for a resident of location c with respect to θ and dividing by α yields

Equation (1.10), a money-metric expression for the change in indirect welfare from residing

in location c (equivalently, the change in willingness to pay for changes in the bundle of

characteristics associated with location c).

1
α

dlnUic

dθ
=

dlnwc

dθ
+

β

α

dlnrc

dθ
+

γ

α

dlnGc

dθ
(1.10)

The value of expressions (1.9) and (1.10) is that they relate elasticities of migration with

respect to the characteristics of region c to a utility function in a simple economic model

of location decisions. For a marginal change in the latent index θ , migration decisions

reveal effects on individuals’ willingness to pay for the bundle of wages and amenities

they enjoy in location c, and hence reveal changes in the economic welfare of its residents.

Appealing to the envelope theorem argument in Busso, Gregory, and Kline (2013) suggests

that to assess the aggregate effect of a change in θ on the model economy, we need only

sum expression (1.10) over individuals in region c. Intuitively, this is because individuals

just on the margin between locations are indifferent between alternatives, implying that the
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relevant welfare effects of the shock to θ are only the price changes it induces, almost as

though the population were immobile.

I combine my estimates of changes in wages, housing costs, public good expenditures

with parameters from Diamond (2016), who estimated 10-year migration elasticities in

terms of wages, housing costs, and local amenities (including public education expendi-

tures), to approximate economic welfare changes from demand shocks to coal country. I

estimate the total wage-equivalent welfare impact of observed declines in coal production

value using the expression given by equation (1.11),

1
α̂

dU
dθ

= Nc ∗ (
dlnwc

dθ
+

β̂

α̂

dlnrc

dθ
+

γ̂

α̂

dlnGc

dθ
)∗wc0 (1.11)

where wc0 is the average baseline wage, which monetizes the proportional changes implied

by Equation (1.10) following Bartik et al. (2019). The set of estimated of parameter values

are drawn from Diamond (2016), one set of migration elasticities estimated for college-

educated workers and one for noncollege workers. An unweighted average of the param-

eter vector is (α,β ,γ) = (4.1185,−2.5515,0.7045).27Normalizing β and γ by α implies

that housing cost changes are valued at approximately 60% of wage changes and amenity

changes are valued at roughly 20%. In practice this approach allows me to create a co-

herent, combined valuation of the three largest components of welfare changes revealed

by the causal estimates - the effect on wages, housing prices, and public expenditures on

27These parameters are taken from Panel A of Table 5, and reflect migration elasticities estimated
under the least restrictive possible model. Noncollege-worker parameter estimates on wages, hous-
ing costs, and Diamond’s amenities index are (3.261,−2.944,0.771) and college-worker parameters are
(4.976,−2.159,0.638).
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education.28

Table 1.10 presents the results of applying the parameters described above to Equation

(1.11) to estimate welfare effects on the average household in coal country and to estimate

aggregate welfare effects on all of coal country. Column (1) monetizes the welfare effect

of the shock estimated throughout the paper - a one standard deviation or approximately

$4,800 decline in coal production value per capita. Estimated effects on average wages

(4.2%) and public education expenditures (4.1%) are drawn from Table 1.9 (and re-scaled

to the household level where appropriate). Each panel of Table 1.10 has 3 rows that explore

the sensitivity of the estimates to different assumed effect sizes on housing costs, varying

between no change and 3% change based on differing interpretations of the estimates in

Table 1.9 (no effect on rental prices, 1.3% effect imprecisely estimated, or 3% coinciding

with home values.) The two panels use different sets of migration elasticities, one for

college-educated workers and one for non-college workers as presented in the Diamond

paper.

Column (2) aggregates the per capita effects using the total decline in coal production

per capita and total population of coal country, similar to the employment effect bench-

marks in section 5. Column (3) follows Bartik et al. and scales the estimate in column (2)
28Since Gc is typically a vector of local amenities (of which education is just one component), if other

components of the amenity vector change this affects the overall welfare expression. Equation (1.11) in this
case captures the welfare change net of other changes in local public goods. In my context, I find strong
evidence only of changing education expenditures, and therefore use Equation (1.11) as a method of valuing
changes measured in the empirical section. To the extent that other amenities change, this may increase or
decrease total welfare changes, but does not change the economic welfare impact of the measured changes. In
applying parameters estimated in the literature, I assume that the elasticity of migration to public expenditures
is the same as the elasticity estimated on a bundle of amenities. This likely overstates the effect of school
expenditures, which in any event have a relatively minor impact on the welfare estimates. I am not aware of
published estimates of migration elasticities with respect to education expenditures.
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assuming the observed changes in wages, housing costs, and public good expenditures are

constant and remain the same in perpetuity using a 5% discount rate. Using the parame-

ters for non-college workers in Panel A, the estimates of changes in economic welfare in

coal country in column (1) range from a decline of $885 per capita to $1,859 per capita.

Assuming permanent declines in wages, rental rates, and school expenditures yields esti-

mates of $6.24 to $13.11 billion. Assuming a larger decline in housing costs significantly

offsets some of the estimated welfare losses, while for smaller decreases in housing costs

the combined effect of wage declines and reductions in public expenditures make residents

worse off. Estimates in the second row of each panel using the estimated decline in rental

rates roughly coincide for both sets of parameters, suggesting a total aggregate decline in

economic welfare of just above $500 million.

How can we benchmark the magnitudes in Table 1.10? By the valuation techniques de-

scribed in the data section, I estimate that US coal country produced just under $24 billion

dollars of thermal coal in 2007 before reaching a maximum value in the sample of more

than $31 billion dollars of thermal coal (in 2011), and $20.3 billion in 2017. Compared

to the decline from 2007 to 2017, the effects in column (2) range from about 8.4% of the

value of produced coal at the smallest to 17.8% at the largest. These estimates are on a

similar order of magnitude to the Bartik et al. welfare estimates for fracking counties as a

proportion of new oil and gas production value.

The model is highly stylized and requires several important caveats. The most impor-

tant of which is that the model derives changes in willingness-to-pay to live in coal country
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from the perspective of marginal decision makers in a mobile base of residents. Changes

in wages drive these effects, and they are either mitigated or reinforced by reductions in

housing costs or declines in public expenditure, while the model is relatively silent on in-

framarginal residents (e.g. owners of property). Another caveat is that several assumptions

were required to bring the parameters estimated in Diamond (2016) to the present context -

it could be the case that some qualitatively different migration parameters would be better

suited to the context of coal country. Finally, unobserved changes in amenities may push in

either direction, so it remains unclear whether the estimates presented are liberal or conser-

vative measures of total welfare changes. It is possible that congestion and environmental

amenities improve in the case of coal demand shocks, but it is extremely difficult to observe

and measure the vector of all possible amenities. Consequently, the approach taken in this

paper is to estimate several important economic effects and attach a model-based welfare

interpretation to those effects using parameters from the literature. In defense of this strat-

egy, evidence of major negative spillovers to public goods has so far not appeared, with

Metcalf and Wang’s (2018) results not supporting an association between mining layoffs

and opioid usage, and the results of Table 1.7 showing relatively weak evidence on crime.

Environmental effects are a natural area for future research.

The value of the calculations in Table 1.10 is that they offer a coherent summary of

changes in economic welfare derived from exogenous changes to the coal sector. The

migration elasticities from the literature are important adjustments, and suggest that wages

are the main factor driving welfare changes. This seems sensible in the context of coal
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country - housing prices and rents are already low relative to the rest of the US (Appendix

A.1), and it is likely that congestion effects in local education (and other local public goods)

are low, while non-college employment opportunities are relatively highly valued.

1.8 Conclusion

Many economic changes and policies that are welfare-enhancing in the long run carry

acute and important costs to certain groups or regions. It was certainly true in the 1990s

and early 2000s when US manufacturing faced fierce competition from China as studied

by Autor et al. (2013) and Feler and Senses (2017). This paper contributes to the study

of local economic shocks by examining US coal communities in a down decade of coal

demand driven by competition from alternative generation fuels and environmental policy.

I find evidence of substantial labor market reallocation, migration responses, and knock-on

effects to home values and public revenues. These findings share some commonalities with

other contexts but differ in important ways, suggesting that the lessons from such shocks

may not be so easily carried from one context to the next.

To identify the effect of declining coal production on coal country, I track demand

shocks from the power sector up the supply chain to producers in coal country. I construct

a dispatch model of the electricity sector at the regional level and use predicted changes

in coal dispatch as exogenous variation to predict shocks to the coal mines that previously

supplied them. Applying this demand measurement as an instrument for production value

by mines, I find that mining employment and wages make up the bulk of the direct la-
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bor market effects, but that total effects are on the order of 30% larger, with spillovers

mostly occurring in directly connected industries such as transportation. I estimate that

state support for general purpose governments decline, and that public school revenues and

expenditures fall (4.4 and 4.1% respectively), driven by a significant decline in home val-

ues (3% at the median). Correspondingly, I show that in-migration and medium-run trends

in population are significantly impacted by declining coal production. Interpreted as a cap-

italization effects, the home value estimates imply a total decline of around $1 billion in

individuals’ valuation of life in coal country. Alternatively, by bringing together the esti-

mates of wage, rents, and public school expenditures in a valuation exercise motivated by

a theoretical model of spatial equilibrium, I calculate that mobile households showed de-

clining valuations for living in coal country of $1,400-1,500 per household and about $500

million in the aggregate in my preferred specifications, driven mostly by the prospect of

lower wages.

In summary, my results suggest that the effect of declines in coal demand from the

power sector on producing areas has thus far been meaningfully negative but not yet over-

whelming. The (negative) multipliers on mining jobs and wages appear to be moderate and

consistent with literature exploring previous cycles in coal demand. I do not find strong

evidence of high or persistent unemployment, increasing crime, rapid outmigration, or de-

clining expenditures by general purpose governments, despite reduced support from the

state. On the other hand, it seems beyond doubt that coal demand shocks reduce the over-

all welfare of coal country’s residents as evidenced by reduced in-migration and declining
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home values. Of potential concern for policymakers, I find that substantial numbers of

potential in-migrants sort away from living in coal country, school district expenditures on

public education decline, and poverty rates increase.
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1.9 Figures for Chapter 1

Figure 1.1: Aggregate Fossil Fuel Generation. US fossil fuel gen-
eration by source since 2002, (author reproduction) from EIA data at
https://www.eia.gov/todayinenergy/detail.php?id=43675.
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Figure 1.2: Coal Production and Powerplant Deliveries. Blue bars are derived from the
MSHA and EIA from 7A. Red bars are derived from EIA 423 and 923. The solid and
dotted lines are EIA published aggregates from annual coal reports.

Figure 1.3: US Coal Miners. Coal mining employment (total miners) reported in
MSHA/EIA-7A represented by vertical bars and FRED data series (CEU1021210001) by
the dotted line.
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Figure 1.4: Coal Supply Regions from Stoker et al. (2005). Boundaries of coal supply
regions drawn at the county level.
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Figure 1.5: Subregions and Coal County Centroids. This figure shows approximate
boundaries of EPA eGRID Subregions as colored polygons and the centroids of coal-
supplying counties as black triangles. eGRID Subregions are an intermediate division of
electricity zones between NERC (North American Electric Reliability Corporation) regions
and BAAs (balancing area authorities).
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(a) SRMV region, 2008

(b) SRMV region, 2016

Figure 1.6: Example Supply Stacks. These figures show two examples of estimated elec-
tricity load region supply curves for the SRMV eGRID subregion. The grey shape in each
figure shows the distribution of total fossil fuel load from CEMS plants at the hourly level.
Marginal costs for CEMS plants are estimated as the unit-level average heat rate times fuel
prices drawn from the EIA SEDS database.
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Figure 1.7: Dispatch Predictions. This figure shows predicted generation from a least-
cost dispatch model of the SRMV load region against actual observed gross generation in
2008 and 2016. Predicted values are derived by constructing the supply curves depicted
in the previous figures and “intersecting” them with observed load from CEMS plants in
each hour (modelling hourly demand as perfectly inelastic). All units with costs below the
intersection of supply and demand are dispatched for the full hour. Summing over all hours
in the year yields annual predicted generation for each unit as a function of state-level fuel
prices, the region’s fuel mix, and total fossil load.
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Figure 1.8: Market Shares. This figure is a strip plot of the share of Btus of coal delivered
by each coal producing county to each eGRID Subregion in the continental US over the
entire period from 2002-2007. Each row on the y-axis represents an eGRID Subregion and
the x-axis measures the share of fuel deliveries. Campbell County, WY is excluded from
all calculations.
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(a) By region

(b) By period

Figure 1.9: Predicted Coal Demand vs. Actual Coal Production.These figures show the
first stage relationship between the predicted coal demand instrument and observed coal
production value in dollars. See section 1.4 for details.
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(a) No adjustment for commuting zone characteristics

(b) Adjusted for commuting zone characteristics

Figure 1.10: Reduced-Form placebo regressions, 2002-2007. See section 1.4 for details.
GP Rev. = General Purpose Revenue (county, municipality, township). SD = School Dis-
trict Revenue.
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(a) Total wages per capita

(b) Log of wages per job

Figure 1.11: Wage Effects. See section 1.5
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1.10 Tables for Chapter 1

Table 1.1: Summary statistics

(1) (2) (3) (4) (5)
N mean sd min max

Production (MM short tons) 254 2.625 4.957 0 34.47
Production (MM Btus) 254 56.94 107.3 0 804.3
Production value (MM USD) 254 94.30 176.7 0 1,456
Coal mining emp. share 254 0.0305 0.0614 0 0.430
Mining emp. share 254 0.0553 0.0708 0 0.452
Avg. Mining Wage (000s) 240 46.28 15.42 17.53 92.92
Wage per job (000s) 254 38.03 6.393 26.83 66.44
AGI per HH (000s) 254 45.34 11.39 24.56 92.23
Population (000s) 254 62.73 150.6 1.865 1,848
Labor Force (000s) 254 30.77 82.82 1.131 1,067
Total Employment (000s) 254 27.18 90.15 0.660 1,173
Unemployed (000s) 254 1,416 3,011 48 34,024
GP Exp. per capita (000s) 254 1.718 1.117 0.145 7.989
SD Exp. per capita (000s) 254 1.629 0.730 0 4.297

(a) Summary statistics for coal counties in 2007. Campbell County, Wyoming excluded.

p5 p25 p50 p75 p95 iqr sd
Appalachia -9,206 -413 -5 43 3,037 456 4,239
Illinois -4,465 -162 0 1,628 10,857 1,790 5,893
Interior -2,405 -381 0 197 2,363 579 1,791
West -3,557 -94 0 2,022 13,705 2,116 6,639
Total -5,804 -348 0 211 5,676 559 4,808

(b) Distribution of ∆Dct/Popc,t−1, the change in production value per capita by mines in county c.
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Table 1.2: Reduced-Form Effects of Demand Declines by Period

Dependent variable: % point change in emp/capita over 5-year difference

(1) (2) (3) (4) (5)
Coal Miners Mining emp. (BLS) Tot. Emp. Manufacturing Non-Tradeables

Panel A: 2007-2017
Demand Decline (∆ s.d.) -0.53*** -0.63*** -0.93*** -0.01 -0.19*

(0.12) (0.12) (0.16) (0.03) (0.09)
Obs 508 508 508 508 508
Panel B: 2012-2017
Demand Decline (∆ s.d.) -0.60*** -0.67*** -0.97*** 0.01 -0.22*

(0.13) (0.11) (0.18) (0.03) (0.10)
Obs 254 254 254 254 254
Panel C: 2007-2012
Demand Decline (∆ s.d.) -0.14 -0.46 -0.69* -0.11 -0.07

(0.13) (0.38) (0.29) (0.06) (0.29)
Obs 254 254 254 254 254
Panel D: 2002-2007 (placebo)
Demand Decline (∆ s.d.) 0.03 0.08 0.25 0.03 0.13

(0.12) (0.15) (0.26) (0.10) (0.21)
Obs 254 254 254 254 254
Region-time FE yes yes yes yes yes
CZ controls no no no no no

Notes: This table reports reduced form regressions of 5-year changes in employment per capita on the in-
strumental variable ∆̃Dct per capita. Outcome variables come from the MSHA (column 1) and the BLS (all
other columns). Each coefficient comes from a separate regression. Panel A shows coefficients estimated
using Equation (1.4) with two periods of data in the stacked difference model. Panels B and C estimate one-
period regressions of contemporaneous changes in employment against changes in the instrument. Panel (D)
regresses changes from 2002-2007 against the average of future values of the instrument. Non-tradeables are
defined as all employment except mining and agriculture, manufacturing, and government. The instrument is
standardized to have mean 0 and standard deviation 1. SE clustered at commuting zone.
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Table 1.3: Results on Employment and Wages

Dependent variable: % point change in emp/capita over 5-year difference

(1) (2) (3) (4) (5) (6)
Panel A. Employment

Coal miners (MSHA) Mining Total Manufacturing Non-Tradeable Util./Transp.
Coal Value (∆ s.d.) -0.94*** -1.16*** -1.61*** -0.07 -0.22 -0.17***

(0.14) (0.23) (0.32) (0.07) (0.22) (0.06)
F excl. 20.47 20.47 20.47 20.47 20.47 20.47
Obs 508 508 508 508 508 508
Panel B. Wages

Mining Total Manufacturing Non-Tradeable Util./Transp.
Coal Value (∆ s.d.) -1,048*** -1,349*** -24 -250** -174**

(214) (272) (51) (119) (79)
F excl. 20.47 20.47 20.47 20.47 20.47
Obs 508 508 508 508 508
Region-time FE yes yes yes yes yes yes
CZ controls yes yes yes yes yes yes

Notes: This table reports 2SLS regressions of 5-year changes in employment and wages per capita on the
treatment variable ∆Dct , coal production value changes per capita. Outcome variables come from the MSHA
(column 1) and the BLS (all other columns). Each coefficient comes from a separate regression. Panels A and
B both show coefficients estimated using Equation (1.1) with two periods of data in the stacked difference
model. Region-time fixed effects follow Stoker et al. (2005), and control variables are described in the
“Empirical Strategy” section. Non-tradeables is defined as all employment except mining and agriculture,
manufacturing, and government. Treatment is standardized to have mean 0 and standard deviation 1. SE
clustered at commuting zone.
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Table 1.4: Results on Population and Migration

(1) (2) (3)
Panel A: (∆Yct/Popc,t−1) Population Inmigr. Outmigr.
Coal Value (∆ s.d.) -0.89*** -0.20** 0.01

(0.23) (0.09) (0.07)
F excl. 20.47 20.47 20.47
Obs 508 508 508
Panel B: (∆lnYct) Population Inmigr. Outmigr.
Coal Value (∆ s.d.) -0.009*** -0.055*** 0.003

(0.002) (0.020) (0.013)
F excl. 20.47 20.47 20.47
Obs 508 508 508
Region-time FE yes yes yes
CZ controls yes yes yes

Notes: This table reports 2SLS regressions of 5-year changes in population and migration on the treatment
variable ∆Dct , coal production value changes per capita. Outcome variables come from the US Census
(column 1) and the IRS (columns 2 and 3). Each coefficient comes from a separate regression. Panel A shows
coefficients estimated using Equation (1.1) and panel B both show coefficients estimated using Equation (1.2)
with log differenced outcomes. Both panels use two periods of data in the stacked difference model. Region-
time fixed effects follow Stoker et al. (2005), and control variables are described in the “Empirical Strategy”
section. Treatment is standardized to have mean 0 and standard deviation 1. SE clustered at commuting zone.

Table 1.5: Results on Labor Force Components

(1) (2) (3) (4) (5)
Panel A: (∆Yct/Popc,t−1) Mining NonMining NILF Unemployed Poor
Coal Value (∆ s.d.) -1.16*** -0.45* 0.33 0.04 0.67**

(0.23) (0.25) (0.38) (0.07) (0.31)
F excl. 20.47 20.47 20.47 20.47 20.47
Obs 508 508 508 508 508
Panel B: (∆lnYct) Mining NonMining NILF Unemployed Poor
Coal Value (∆ s.d.) -0.139*** -0.018** 0.004 0.018 0.036**

(0.042) (0.009) (0.023) (0.025) (0.016)
F excl. 16.29 20.47 20.20 20.47 20.47
Obs 455 508 506 508 508
Region-time FE yes yes yes yes ye s
CZ controls yes yes yes yes yes

Notes: This table reports 2SLS regressions of 5-year changes in employment, labor force participation, and
poverty on the treatment variable ∆Dct , coal production value changes per capita. Outcome variables come
from the BLS (columns 1-4) and the Census’ SAIPE (column 5). Each coefficient comes from a separate
regression. Panel A shows coefficients estimated using Equation (1.1) and panel B both show coefficients
estimated using Equation (1.2) with log differenced outcomes. Both panels use two periods of data in the
stacked difference model. Region-time fixed effects follow Stoker et al. (2005), and control variables are de-
scribed in the “Empirical Strategy” section. Treatment is standardized to have mean 0 and standard deviation
1. SE clustered at commuting zone.
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Table 1.6: Results on Public Finances

(1) (2) (3) (4)
Panel A: General Purpose GP Expend. GP Rev. GP Rev. (local) GP Rev. (state)
Coal Value (∆ s.d.) 0.015 -0.008 0.026 -0.202***

(0.036) (0.035) (0.044) (0.043)
F excl. 20.50 20.50 20.50 20.50
Obs 507 507 507 507
Panel B: School District SD Expend. SD Rev. SD Rev. (local) SD Rev. (state)
Coal Value (∆ s.d.) -0.041** -0.044*** -0.076*** -0.034

(0.017) (0.013) (0.026) (0.021)
F excl. 19.59 19.59 19.59 19.59
Obs 469 469 469 469
Region-time FE yes yes yes yes
CZ controls yes yes yes yes

Notes: This table reports 2SLS regressions of 5-year changes in per-capita local public finance on the treat-
ment variable ∆Dct , coal production value changes per capita. Outcome variables come from the Census of
Governments. Each coefficient comes from a separate regression. Panels A and B both show coefficients
estimated using Equation (1.2) with log differenced outcomes. Both panels use two periods of data in the
stacked difference model. Region-time fixed effects follow Stoker et al. (2005), and control variables are de-
scribed in the “Empirical Strategy” section. Treatment is standardized to have mean 0 and standard deviation
1. SE clustered at commuting zone.

Table 1.7: Results on Local Public Goods

(1) (2) (3) (4)
Panel A: Crime Rate (viol.) Crime Rate (prop.) Students/Teachers Teachers
Coal Value (∆ s.d.) -0.011 -0.035 0.039 -0.022***

(0.031) (0.043) (0.026) (0.005)
F excl. 20.47 20.47 17.16 15.82
Obs 508 508 468 462
Region-time FE yes yes yes yes
CZ controls yes yes yes yes

Notes: This table reports 2SLS regressions of 5-year changes in measures of public goods on the treatment
variable ∆Dct , coal production value changes per capita. Outcome variables come from the FBI’s Uniform
Crime Reporting Data (columns 1 and 2) and the National Center for Education Statistics (columns 3 and
4). Each coefficient comes from a separate regression. Coefficients are estimated using Equation (1.2) with
log differenced outcomes and two periods of data in the stacked difference model. Region-time fixed effects
follow Stoker et al. (2005), and control variables are described in the “Empirical Strategy” section. Treatment
is standardized to have mean 0 and standard deviation 1. SE clustered at commuting zone.
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Table 1.8: Heterogeneity Across Regions

(1) (2) (3) (4)
East/Appalachia Illinois Interior West

Panel A: Employment and Wages
miners per cap -1.18*** -0.96*** -0.25 -0.27**

(0.07) (0.10) (0.25) (0.11)
mining wages per cap -1,187.81*** -507.08** 496.72 -812.85

(222.70) (247.59) (397.00) (502.74)
ln(employment) -0.07*** -0.01 0.06 -0.04***

(0.02) (0.01) (0.07) (0.01)
ln(avg wage) -0.06*** -0.01 0.04 -0.03**

(0.02) (0.01) (0.05) (0.01)
Panel B: Real Estate and Migration
ln (med. home value) -0.026*** -0.018* 0.073 -0.070**

(0.009) (0.011) (0.046) (0.031)
ln (med. rent) -0.006 -0.039 -0.083 -0.015

(0.009) (0.025) (0.077) (0.027)
ln (inmigr.) -0.065** 0.048*** -0.253*** -0.063**

(0.028) (0.015) (0.067) (0.032)
ln (outmigr.) 0.009 0.008 -0.175*** -0.006

(0.014) (0.022) (0.032) (0.031)
Panel C: Public Revenue
ln (avg GP exp.) 0.015 0.022 -0.082 0.004

(0.044) (0.078) (0.261) (0.060)
ln (avg SD exp.) -0.041*** 0.050 -0.036 -0.091***

(0.014) (0.045) (0.068) (0.026)
No. Counties 149 41 31 33
Time FE yes yes yes yes
CZ controls yes yes yes yes

Notes: This table reports region-level 2SLS regressions of 5-year changes in labor market outcomes, home
values, migration, and local public finance on the treatment variable ∆Dct , coal production value changes per
capita. Coefficients in the first two rows are estimated using Equation (1.1) and all other rows using Equation
(1.2) with log differenced outcomes. All rows use two periods of data in the stacked difference model. Time
FE is an indicator for the later period. Control variables are described in the “Empirical Strategy” section.
Treatment is standardized to have mean 0 and standard deviation 1. SE clustered at commuting zone.
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Table 1.9: Summary of Spatial Equilibrium Effects

(1) (2) (3) (4)
Panel A: Wages Med. Home Vals Med. Rents SD Exp.
Coal Value (∆ s.d.) -0.042*** -0.030*** -0.013 -0.041**

(0.008) (0.010) (0.011) (0.017)
F excl. 20.47 20.47 20.47 19.59
Obs 508 508 508 469
Region-time FE yes yes yes yes
CZ controls yes yes yes yes

Notes: This table reports 2SLS regressions of 5-year changes in measures of wages, housing costs, and
public expenditures on education on the treatment variable ∆Dct , coal production value changes per capita.
Each coefficient comes from a separate regression. Coefficients are estimated using Equation (1.2) with
log differenced outcomes and two periods of data in the stacked difference model. Region-time fixed effects
follow Stoker et al. (2005), and control variables are described in the “Empirical Strategy” section. Treatment
is standardized to have mean 0 and standard deviation 1. SE clustered at commuting zone.
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Table 1.10: Welfare Estimates

(1) (2) (3)
Avg. ($/cap) Agg ($ B) Agg Inf. Disc. ($ B)

Panel A: Non-College parameters
∆ housing costs 0% -1,859 -0.66 -13.11
∆ housing costs 1.3% -1,437 -0.51 -10.13
∆ housing costs 3% -885 -0.31 -6.24
Panel B: College parameters
∆ housing costs 0% -1,700 -0.6 -11.98
∆ housing costs 1.3% -1,497 -0.53 -10.55
∆ housing costs 3% -1,231 -0.43 -8.68

Notes: The table reports estimates of the effect of demand declines on the economic welfare of residents
of coal country. Column (1) reports estimates per household, while column (2) aggregates per capita esti-
mates by scaling the effect to the $3.7 billion decline in coal production value observed over sample and the
7,300,375 households in coal producing counties inferred from IRS tax data. Column (3) inflates column (2)
under the assumption that the observed changes in wages, housing costs, and public spending on education
are one-time and permanent. The rows of the panels explore the sensitivity of the estimates to different effect
sizes on home values. The calculations are converted to dollars using a mean household wage and salary of
$35,963 inferred from BLS and IRS data.
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Chapter 2: The Effect of Traffic Cameras on Police Effort: Evidence from

India

2.1 Introduction

Video and electronic surveillance are becoming increasingly common in the workplace

(Chyi 2021, Lohr 2014, West 2021). Employee behavior has been monitored and studied

as a way to improve worker productivity in firms, restaurants, and call centers (Pierce

et al. 2015, Scott et al. 2021). Monitoring has been also used in health care facilities

and schools, and studies indicate that performance is improved when strict surveillance is

available (Borcan et al. 2017, Duflo et al. 2012, Cilliers et al. 2018). Among police, in light

of increased use of body-cameras,1 several studies have looked at how video surveillance

impacts the use of force (Ariel et al. 2015, Çubukçu et al. 2021) and racial disparities

(Makofske 2020), but relatively little is known about how monitoring public enforcement

officials via cameras can impact their productivity.2 This is the case despite the fact that

1In the U.S., The Urban Institute reports that 17 states have laws indicating the use of body
cameras by police, and 6 states have pending legislation (https://apps.urban.org/features/
body-camera-update/index.html).

2Related literature has looked at monitoring of officials for corruption through audits or randomized con-
trolled trials (Bertrand et al. 2007, Bobonis et al. 2016, Olken 2007, Zamboni and Litschig 2018); or phone
base monitoring to improve service delivery (Muralidharan et al. 2021).
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there has been widespread adoption of CCTV cameras for traffic and crime monitoring

in many cities around the world.3 In this paper, using an administrative dataset of traffic

tickets (“challans”) issued by officers before and after the installation of closed-circuit TV

(CCTV) cameras in the Indian city of Chandigarh, we investigate whether the use of video

cameras can impact the productivity of on-the-ground police officers.4

Previous literature has identified three likely effects of monitoring employees. First,

there is an incentive for employees to work harder because they could be subject to dis-

ciplinary actions if caught shirking (Hubbard 2000, Duflo et al. 2012).5 In our case,

on-the-ground traffic officers were aware when the cameras were working through com-

munication with a satellite office. This suggests that increased monitoring would translate

into officers issuing more tickets. Second, there might be a crowding-out effect resulting

from the loss of trust between principle and agent, which could diminish intrinsic moti-

vation and thus productivity (Falk and Kosfeld 2004). The extent of this effect may vary

depending on whether monitoring is interpersonal, where output is higher when monitored

in a distant relationship rather than an interpersonal one (Frey 1993, Dickinson and Ville-

val 2008). In our case, the monitoring is not interpersonal. The monitoring of principals

3According to industry reports, by mid 2021, there were 770 million cameras
in use globally (https://www.comparitech.com/studies/surveillance-studies/
the-worlds-most-surveilled-cities/.

4In Chandigarh alone, there has been a striking increase in the use of CCTV cameras
since our period of study. News articles reported in February 2022, that 1,800 of 2,000 pro-
posed cameras had been installed (https://www.tribuneindia.com/news/chandigarh/
chandigarh-no-challans-to-be-issued-via-new-cctv-cameras-for-now-368250). We
thank an anonymous referee for bringing this to our attention.

5Shirking is a significant problem among officials in many countries, for instance, Bandiera et al. 2009
find that shirking accounts for 83% of total corruption in Italian public bodies. Chaudhury et al. 2006 report
that in India absence rates of government teachers and health workers was 25 and 40% respectively.
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(traffic officers), happens along with the monitoring of agents (drivers), and is carried out

remotely in a satellite office. Nevertheless, it is possible that fewer tickets are recorded if,

as Chang and Lai (1999) argue, the crowding-out effect dominates the disciplining effect.

Third, monitoring could result in a decline of active corruption (extortion or acceptance

of bribes) where public office is used for private gains (Schulze and Frank 2003). In our

context, because the cameras are useful in providing tickets to traffic offenders, they may

capture passive (shirking) or active (rent-seeking) corruption of officers. While it is possi-

ble that the intrinsic motivation of officers was eroded by the installation of the cameras,

our baseline hypothesis is that increased monitoring of traffic officers translates into more

tickets issued through a reduction in active and/or passive corruption.

To motivate our empirical estimates, we provide a conceptual model of the data gener-

ating process for observed tickets, taking into account officers’ incentives to issue tickets

for violations, to solicit or accept bribes, and to shirk. To identify the effect of cameras

on officer behavior, we use exogenous variation in the functionality of the CCTV cam-

eras. Cameras were installed at twenty key intersections in Chandigarh, but as is often

the case with new technologies, there was variation in when and how often the cameras

worked.6 We exploit this variation with a difference-in-differences methodology and to-

gether with date and location fixed effects, we measure the number of tickets recorded by

on-the-ground police officers located within 100 meters (or approximately 1 block) of the

cameras.7 We find that as the intensity of monitoring increases, the number of on-the-

6Our understanding is that all the CCTV camera models and quality were similar across locations.
7Recent literature has highlighted concerns on biased estimates in two-way fixed effects models arising

from negative weights when there is staggered timing and heterogeneous treatment effects (Goodman-Bacon
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ground tickets issued also increases substantially. Different model specifications, controls,

and alternative definitions of key variables also indicate an increase in ticketing behavior.

We run placebo tests prior to the date when the cameras were installed and find no monitor-

ing impacts of the cameras. We also use placebo locations and compare them to locations

with non-functioning cameras to ensure that our results are not being driven by changes in

driver behavior. To alleviate concerns of few clusters, we estimate our results using block

boostrapping and do a robustness check using permutation inference.

We find consistent support for the proposition that changes in officer effort result from a

decline in shirking, particularly for violations that are observable by the CCTV cameras and

those issued to cars and motorcycles registered locally. We test for changes in violations

issued to the types of vehicles that are anecdotally more likely to be affected by bribe-taking

(out-of-state vehicles and big cars) and find a statistically insignificant increase in violations

in categories observable by the CCTV cameras. Interestingly, we do find a statistically

significant increase in the number of tickets issued to big cars for violations not observable

by the CCTV cameras, which could be consistent with officers pocketing fewer bribes

for these higher risk vehicles. In theory, this could be driven by the cameras reducing

the potential payoff of engaging in corrupt behavior, though our data prevents us from

making strong claims with regards to corruption. Overall, our results indicate that remote

2021, Chaisemartin and d’Haultfoeuille 2020, Callaway and Sant’Anna 2020). Our model includes two-way
fixed effects but the timing is not staggered since the installation of the cameras occurred on May 7, 2010.
The treatment variable in our preferred model, “mean intensity” (described in section 2.3), remains constant
for each camera throughout the entire time period. Nevertheless, to address possible concerns, as described
in section 2.3, we present our main results using three definitions of treatment each of which incorporates
variation in treatment over time in a different way.
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monitoring technology can serve as, if not a substitute for, then a complement to on-the-

ground enforcement.

Within India, Chandigarh is a positive outlier in terms of its reputation for the main-

tenance of law and order. Our results may therefore be generalizable for aspiring “smart

cities” and metropolitan areas in developing countries where the local population is well

educated, earning relatively high wages, and where the police are equipped with skilled

manpower and technology. More generally, our results are relevant to policy makers who

are considering adopting similar methods of traffic enforcement, and indicate that technol-

ogy can serve as a complement to on-the-ground monitoring, even when such interventions

may have a theoretically ambiguous or empirically negligible effect on other outcomes,

such as traffic accidents (Gallagher and Fisher, 2020). This paper expands on economic

literature exploring the consequences of monitoring of public officials, in particular as it

relates to the use of cameras and traffic police. Further, we show evidence of complemen-

tarities between on-the-ground and remote traffic enforcement, documenting an example of

a new technology typically adopted for one purpose (monitoring drivers) which has positive

spillover effects on other agents (traffic officers) engaging with it.

The rest of the paper is structured as follows: in the next section we provide some

background information and a conceptual framework for our analysis. In section 2.3 we

describe the datasets used in our empirical models and in section 2.4 we model police

incentives and relate them to observed ticketing behavior. Sections 2.5 and 2.6 present the

empirical model and the results including a discussion of potential mechanisms. Section
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2.7 shows results addressing possible data challenges. We conclude in section 2.8.

2.2 Background

The CCTV cameras, installed on May 7 of 2010, are located at twenty different inter-

sections in Chandigarh and are operated remotely by officers in the Traffic Control Room,

a central office. The cameras capture routine violations, but they also serve as monitoring

devices for interactions between traffic officers and motorists. Ensuring fair, transparent

dealings between officers and drivers and curbing corruption at traffic checkpoints were

explicitly listed as reasons for the adoption of the cameras.8 Tellez et al. 2020 note that

Indian police have much discretion in the solicitation of bribes “including helping people

to avoid legitimate traffic violations.” A visual of where the cameras are located in Chandi-

garh can be seen in Figures 2.1 and 2.2. The gray dots indicate approximate locations where

tickets were issued (derived from text descriptions), and the black triangles the location of

the CCTV cameras. Gray filled triangles denote “placebo” locations used to examine driver

behavior - we return to this in the empirical section.

Officers are selected based on their educational qualifications, age, physical qualifica-

tions, and test scores. Typically, on-the-ground officers have the rank of constable, while

camera operators are senior administrative officials or officials who report to senior offi-

cers, allowing them to monitor those on-the-ground even though they do not have explicit

8See page 6 in http://chandigarhpolice.gov.in/pdf/coffee-table-book/section-iiii/

section-iiii.pdf last accessed on October 31, 2021. See also The Times of India ar-
ticle from Oct. 13, 2006 https://timesofindia.indiatimes.com/city/chandigarh/

rla-fits-cctvs-to-curb-corruption/articleshowprint/2162415.cms last accessed on Oc-
tober 31, 2021.
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supervisory authority over them. Camera operators can give instructions or feedback to on-

the-ground police personnel. Officers salaries depend on their seniority level and officers

can be promoted based on overall performance, performance on certain assigned cases,

or because of tenure. The police operate in a reward and punishment system, where cer-

tificates are given for meritorious service or excellent performance. A supervising officer

makes a written annual evaluation of each constable.

Officers in Chandigarh face severe penalties for shirking or bribing, although not all

cases come to light because drivers do not always complain. Tellez et al. 2020 indicate

that a common mechanism used to fight corruption is by citizens exposing an incident in

a newspaper or a television station. They also resort to approaching local elected officials.

News articles indicate that officers accused of taking bribes are taken to court and if found

guilty are suspended and/or arrested.9 Inquiries are conducted within the department when

complaints are made, and action is taken.

Information provided by the head of the traffic control room at the time of our study

indicates the Chandigarh Police headquarters made a monthly plan by using software that

randomly assigned constables to locations. A senior officer then made a duty roster, and

constables had no choice in location assignment. Within a day, constables generally stayed

in one location, but could be moved to different locations depending on the orders given to

9See for example an article from the Times of India March 31, 2012 “Cop Caught on Face-
book for Graft” indicates how a video of a constable accepting a Rs 500 (approximately USD
$10) bribe was uploaded to Facebook. The article also refers to 13 incidents issued against police
personnel for violating traffic rules. https://timesofindia.indiatimes.com/city/chandigarh/

Cop-caught-on-Facebook-for-graft/articleshowprint/12475768.cms accessed on May 5, 2021.
An extensive search of news sources and the website ipaidabribe.com indicate that the average bribe paid
in Chandigarh during the time period that we study was Rs 400 (approx. USD $8).
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them. Across different days, constables were frequently posted to different locations. These

changes were announced with one day’s notice to administrative staff, and to constables

via wireless message. The head of the traffic control room was clear that the allocation of

constables was not related to the functionality of the cameras on any given day, but to traffic

density. He also indicated that typically, 2-3 constables were assigned on small junctions

(which include CCTV locations), 3-4 on bigger junctions, and sometimes more if there was

some special event that increased the traffic flow.

2.3 Data

The Police Department of Chandigarh provided the two data sources described below.

(1) On-the-ground traffic violations or tickets: This dataset contains information on all

traffic violations that took place in the north Indian city of Chandigarh between January

1, 2009 and March 28, 2012. The raw data file we received includes just under 600,000

observations. Each observation contains information on: date, time of day, approximate

location, type of violation, and vehicle committing the violation. We use only on-the-

ground tickets as our outcome variable, and restrict the sample to tickets issued within a

given radius of the CCTV camera installation sites (typically 100 meters, or approximately

one city block).

(2) CCTV cameras: The CCTV cameras were introduced in 20 locations throughout

the city on May 7, 2010. We received a dataset containing information on CCTV recorded

violations between the installation date and May of 2012. The raw data includes approx-
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imately 85,000 observations, and each observation contains information on: date, time of

day, the relevant CCTV camera, and the type of violation.

Examination of the two data sources indicates that CCTV cameras issue tickets con-

temporaneously with on-the-ground officers. We were told that the cameras and officers do

not replicate tickets, and see no obvious duplication in the two data sources. There appear

to be complementarities between the tickets issued by CCTV cameras and those issued by

on-the-ground officers, as the types of violations enforced by the cameras is not as exten-

sive as those enforced by the on-the-ground officers. Importantly, significant overlap in

violation types between the two data sources allows us to group violation types into several

intuitive categories and clearly delineate which violation types are observed and enforced

by CCTV cameras and which are not.

We also use the CCTV violations data to identify when and where the cameras worked,

creating three different “treatment” measures: (1) Functional=1 when a CCTV camera

recorded any violations and zero otherwise; (2) “Months” Running is the cumulative num-

ber of days a CCTV camera was working after May 7, 2010, the day when the cameras

were installed (divided by 30); and (3) Mean Intensity is the average percentage of time a

CCTV camera was functioning since the installation. This last measure is constant for a

given camera, while “Months” Running could change.

Because we analyze on-the-ground tickets, our period of study runs from January 1,

2009 to March 28, 2012. We were informed that the cameras were only functional during

the daytime, so we restrict the data to include only on-the-ground violations recorded be-
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tween 8 am and 7 pm.10 The unit of observation is the CCTV location (20) by date (1,183),

for a total of 23,660 observations in the estimation sample. Summary statistics are provided

in Table 2.1, and the raw variation in total tickets and cumulative days of camera function

is plotted in Figure 2.3.

As Panel A of Table 2.1 indicates, at least one on-the-ground violation was recorded

within 100 meters of a CCTV location on about 65% of days in the sample, and on av-

erage there were approximately 5.3 violations recorded in a particular location and day.

The ‘Post’ variable indicates that our data are fairly evenly split before and after camera

installation, with about 58% of observations from the post period, while the Mean Intensity

variable suggests that on average the cameras worked 41% of the days after their installa-

tion.

Panel B of Table 2.1 reports summary statistics according to vehicles’ observable char-

acteristics. The average number of out-of-state license plates tickets issued is 2.5, while

2.2 tickets were issued on average to cars, and around 1.6 tickets were issued on average

for motorcycles. Panel C reports summary statistics by type of violation. We further split

this panel to identify violations that are observable by the CCTV cameras, and those that

are not. The most common violations are those broadly categorized as breaking “Major

road-rules” which include disobeying signs, stopping on pedestrian crossings, and running

yellow and/or red lights. Another common violation is motorcycle safety violations (“No

or unauthorized helmet/unsafe motorcycle”), most often a failure to wear a helmet, not

10About 95% of CCTV violations were recorded between these hours in the raw data we received. Results
including nighttime data and conditioning on a day/night indicator are consistent with those reported here.
Later in the paper we explore nighttime observations in a robustness check.
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wearing a certified helmet, or carrying excess passengers unsafely. Violations that involve

documentation, such as those reported as “License/insurance/registration (papers)” are not

observable remotely with the cameras, but are fairly common. The second most common

non-CCTV observable violation is dangerous driving11, which can involve officer judge-

ment or discretion.

2.4 Conceptual Framework

In the data we observe the ticketing behavior of officers in approximate locations, which

is an imperfect measure of effort and/or corruption. We propose a simple model of officer

ticketing behavior to motivate the empirical results under two simplifying assumptions.

First, drivers are confronted only given some type of violation. In other words, an officer

stops a vehicle only if he has a pretext for doing so. Second, “a bribe changing hands”

implies that money changes hands from driver to officer and a ticket is not recorded.12

Constable i observes violation v at a given intersection, and takes one of three qualita-

tively different choices: to work, to engage in active corruption (extort or accept a bribe), or

to avoid work (shirk), denoted {W,X ,S}. In all cases, the constable receives a fixed wage

wi with certainty. If he works, he receives his wage. If he engages in active corruption

and solicits or accepts a bribe of size b, his expected penalty is fx. If he shirks he faces an

expected penalty fs. Allowing for a preference shock ηivc, denote his indirect utility and

11Dangerous driving includes: rash/dangerous driving, failure to lower lights, dangerous overtaking, failure
to keep a safe distance, abrupt breaking, failure to yield at right-of-way and reversing more than necessary.

12This assumption rules out other types of bribery, such as paying a bribe to reduce a large challan to a
small challan which local knowledge and studies suggest are unlikely (Jauregui 2016).
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probability of taking action c as:

πivc = V (wi,b, fx, fs,ηivc)

Pivc(b, fx, fs) = Pr( i choose c | b, fx, fs).

Applying the definitions above and summing across violation-specific shocks yields an

expected number of tickets Ni honestly cited by officer i. Introducing cameras that affect

fx, fs changes the expected number of tickets predictably:

Ni = ∑
v
(1−PivX −PivS)

∂Ni

∂ f j
= ∑

v
(1− ∂PivX

∂ f j
− ∂PivS

∂ f j
) for j ∈ {x,s}.

Importantly, the model suggests potential leakage between shirking and active corrup-

tion and indicates its effect on the average number of tickets issued. Standard assumptions

on preferences imply that increasing the expected penalty for extortion both decreases the

likelihood of extortion (∂PivX/∂ fx < 0) while potentially increasing the likelihood of shirk-

ing (∂PivS/∂ fx ≥ 0). Intuitively, a corrupt officer threatened with greater sanctions may

choose simply to shirk rather than work.

As a non-interpersonal continuous monitoring technology, traffic cameras may affect

the expected penalties for both extortion and shirking. A sufficient condition for the total

number of tickets to increase is that the sum of direct incentive effects dominates the leak-

age effects (cross-partial derivatives). This is the natural primary question for the incentive
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effects of traffic cameras on police ticketing, and is the focus of the empirical analysis.

Secondarily, we subset the data based on vehicle characteristics such as out-of-state license

plates and big cars (anecdotally more likely targets for corrupt officers) to explore what

drives the results.

2.5 Empirical Strategy

The twenty CCTV cameras, installed at major intersections of the city, feed data to a

central control room in the police headquarters. The controller in this room is in charge of

recording remote violations and in contact with the police stationed at the intersections with

CCTV cameras. After visiting the field site, it was clear that on-the-ground traffic officers

were aware, through their communication with officers in the control room, which cameras

were functional and which were not. As is the often the case with new technologies, there

was variation in when and how often the cameras worked during our sample, with some

cameras operating as little as 0.1% of the time, and others as much as 94% of the time. We

exploit this variation across time and space to isolate the impact of the cameras on officers’

ticketing behavior and control for driver-side reactions to camera installations.

We estimate the impact of the CCTV cameras in a difference-in-differences framework

tailored to deal with two primary challenges to identification. First, cameras were strategi-

cally placed throughout the city, indicating that a comparison between locations with and

without cameras may not yield a causal estimate. Second, the mere presence of a camera

may impact driver behavior, confounding an estimate of the effect of the cameras on po-

72



lice behavior. To address these challenges, our estimation strategy compares locations with

low- and high-functioning cameras, netting out the effect of cameras on driver behavior.

The key added assumption in our context is that driver behavior does not change in

response to camera functionality, instead responding only to CCTV camera presence at an

intersection. We do not have data to test this assumption directly, but as an indirect test

we can check whether drivers behave differently in the presence of a (unbeknown to them)

non-functioning camera relative to a location without a camera.13 There are 8 locations

where cameras function less than 10% of the time (‘Non-Functioning’ Cameras), and we

chose 5 nearby placebo locations with comparable ticketing patterns that did not have a

camera installed. We expect that drivers are if anything, more careful in the presence of

a camera, and thus the number of on-the-ground violations with a CCTV camera should

weakly decrease.

If drivers are unaware of when the cameras function - but police are - the comparison

of working and non-working cameras isolates the effect of a functioning monitoring device

on police behavior. Any increase in tickets at locations with highly-functioning cameras

is likely only to operate through changes in behavior on the supply-side (here, the traffic

officers), as opposed to the demand-side (the drivers). Below, we introduce our general

estimation strategy before turning to a discussion of placebo tests to explore the validity of

the strategy.

13Note that we cannot compare functioning from non-functioning camera locations since police officers
are aware whether cameras are working, and thus can change their behavior.
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2.5.1 Estimation

We aim to estimate the effect of monitoring by cameras on the on-the-ground ticketing

behavior of police officers at CCTV camera locations. A violation occurring “at” a CCTV

location is defined as occurring at most 100m (approximately 1 block) from a CCTV cam-

era. Using all of the administrative ticketing data both pre- and post-camera installation,

our specification for the reduced form impact of CCTV cameras on on-the-ground police

behavior is as follows:

ylt = β0 +β1[Treatlt ×Postt ]+δl + γt +ρlt + εlt (2.1)

where: l corresponds to one of twenty location codes; t corresponds to a particular date.

The outcome variable, ylt , is either an indicator variable that takes a value of 1 if there

were any tickets recorded or the total number of tickets issued by officers at location l and

date t (using only daytime observations). The coefficient of interest is β1, which captures

the interaction of camera installment (Postt) and the camera’s functionality, as defined in

section 2.3 by the three different measures of treatment: (1) the indicator variable Func-

tional=1; (2) the cumulative measure for “Months” Running; and (3) the average measure

using Mean Intensity.

We estimate effects after controlling for location fixed-effects δl , date fixed-effects

γt , and location-specific “seasonal” controls ρlt (location-by-day-of-week and location-by-

month). All standard errors are estimated by block bootstrap to effectively cluster standard

errors at the CCTV-location level and alleviate concerns due to a low number of clusters.
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More precisely, we randomly re-sample CCTV locations with replacement 500 times and

use the distribution of estimated coefficients to construct standard errors and confidence in-

tervals. To ensure our approach is robust to different model specifications, we report results

from OLS regressions using an indicator for any police-recorded tickets (Linear Probability

Model or LPM), estimates by Poisson regression to account for the dependent variable be-

ing a count variable (estimated by maximum likelihood), and results from OLS regressions

where the dependent variable is the number of violations.

2.5.2 Placebo Tests

Since our identification strategy relies on estimated differences between intersections

with low- and high-function cameras, we check for parallel trends across these groups in

the pre-period (prior to the installation of the cameras). We conduct a placebo test that uses

only pre-treatment data and checks whether on-the-ground ticketing behavior was affected

by a fake Post(k) variable defined k months before the actual installation of the cameras.

We test whether cameras with higher average camera functionality in the post period (the

Mean Intensity variable) have differential trends in ticketing prior to the installation of

the cameras. A violation occurring “at” a CCTV location is defined as occurring at most

100m (approximately 1 block) from a CCTV camera as above. Formally, the placebo

specifications for the reduced form impact of CCTV cameras prior to the installation of the

cameras is as follows:
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ylt = β0 +β1k[Treatl ×FakePost(k)t ]+δl + γt +ρlt + εlt (2.2)

The outcome variable, ylt is the total number of tickets in a particular location, date. The

coefficient of interest is β1k, which measures the treatment effect of camera intensity k

periods prior to the installation of the cameras. All other details of the specification and

estimation are identical to those described above in relation to 2.1. For brevity, we report

estimates using only the count of tickets as the dependent variable in Panel A of Table

2.2. In Appendix B, we add to this specification estimates from a model using an indicator

variable that takes a value of 1 if there were any tickets recorded and a Poisson regression

coefficients estimated by maximum likelihood.

To ensure that our indirect test of driver behavior will lead to reliable inferences about

the effect of cameras on driver behavior, we also estimate a version of equation 2.2 where

Treatl is replaced by a dummy variable indicating the presence of a ‘Non-functioning’

camera on the sample of cameras functioning less than 10% of the time and the 5 nearby

intersections we chose as a “peer-group”. As before, we report estimates using only the

count of tickets as the dependent variable in Panel B of Table 2.2 for brevity, but include

alternate model specifications in Appendix B.

The top panel of Table 2.2 indicates that the estimated coefficients β1k on the interaction

term are always insignificant. This is also the case for the alternative models reported in

Appendix B. This is consistent with the idea that pre-trends in locations where cameras
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worked more often are not different from those in areas where cameras worked less often.

Panel B of Table 2.2 similarly indicates that the locations with non-functioning cameras do

not have differential trends to our hand-picked “peer-group” of locations without cameras

prior to their installation. These results support a causal interpretation of estimates of β1

from equation 2.1 presented in the following sections.14

2.6 Results

Table 2.3 shows the paper’s main results - estimates of β1 from equation 2.1, indicating

the effect of the CCTV cameras on the officers’ on-the-ground ticketing behavior. The

dependent variable in column (1) is an indicator variable that takes a value of 1 when any

violation is recorded at that particular location, in any given day, and 0 otherwise. In panel

A, the key explanatory variable is the interaction between Post and the Functional variable,

an indicator when a CCTV camera recorded any violations and zero otherwise. Results in

panel A column (1) indicate that on days when the cameras work, relative to when they do

not, there is an increase of 11.8 percentage points in the probability of any violation being

recorded. This corresponds to a 19% increase from the pre-period mean. The dependent

variable in columns (2) and (3) use the number of violations recorded. Exponentiating

14As an additional check for pre-trends, Figure 2.4 uses and event study type specification that estimates
the following regression:

ylt = β0 +
m=7

∑
m=−7

βmtreatlm ∗Dm +δl + γt +ρlt + εlt

where m indexes months pre/post camera installation. Coefficients are normalized in relation to April 2010,
the month prior to the onset of the CCTV cameras. The figure shows no pre-trends prior to the onset of the
cameras and positive coefficients after. Figure 2.5 shows the analogous figure for the driver behavior test,
with negative coefficients after.
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the coefficient in column (2) estimated using the Poisson model indicates that the ratio of

tickets issued for when the camera is functional relative to when it is not is 1.56, indicating

a 56% increase in daily tickets issued. Column (3) indicates that there are on average 2.469

additional tickets issued when the camera is functional. This corresponds to a 42% increase

from the mean number of pre-period tickets. Overall, all results in panel A, regardless of

how the outcome variable is defined, indicate substantial increases in the number of tickets

issued by on-the-ground officers.

Panel B shows an interaction between Post and the ‘Months’ running variable, the cu-

mulative number of days a CCTV camera was working after the day when the cameras

were installed divided by 30, a variable that could change daily in the post period in any

given location. Like panel A, these results also indicate an increase in the number of on-

the-ground tickets issued. The magnitude ranges between 4% and 14% being somewhat

lower than those presented in panel A using the Functional variable.

Results presented in panel C use the interaction between Post and the Mean Intensity

variable, a constant within each location equal to the percentage of days each CCTV camera

was functioning since installation. Reported coefficients estimate the effect of changing

mean intensity from 0 (a camera that never works) to 1 (a camera that always works).

Scaling these coefficients by the standard deviation reported in Table 2.1 imply that a one

standard deviation increase in the Mean Intensity variable results in an 11% increase in the

probability of any violation being recorded (column 1). For the Poisson model in column

(2), a one standard deviation increase in the Mean Intensity variable results in the number of
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violations being 1.69 times higher. Results for column (3) are consistent, and indicate that a

one standard deviation increase in the Mean Intensity variable results in 2.71 on-the-ground

expected additional violations recorded.

Finally, panel D of Table 2.3 shows estimates of the effect of a non-functioning cam-

era, our indirect test of driver behavior. All point estimates are negative and statistically

insignificant, with the point estimate in column (3) implying that a non-functioning camera

results in 2.5 fewer daily traffic citations. Though statistically weak, the relatively large

point estimate suggests that drivers are more careful in the presence of cameras.15 This

proposition is supported by estimates presented later in the paper broken down into ticket

and vehicle categories.

In summary, the data points to an increase in on-the-ground police tickets issued when

the cameras are working, and suggests that drivers respond in predictable ways to CCTV

cameras. Assuming that driver behavior does not differ between functioning and non-

functioning cameras, these results are consistent with an increase in work effort and/or a

decrease in bribe solicitation by officers. In the next section we attempt to disentangle these

effects.

2.6.1 Mechanisms

In this section, we analyze potential mechanisms underlying this effect. In particular, in

regards to corrupt behavior, the two hypotheses that we explore regarding the change in the

number of violations recorded by traffic officers in response to the functionality of cameras

15We thank an anonymous referee for pointing out that fewer cases of illegal driving and more diligent
enforcement may actually cancel out in the aggregate given our point estimates.
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are:

(A) Shirking: some traffic officers are leisure-seeking individuals who are less likely to

let violating drivers pass when monitored.

(B) Extortion: some traffic officers are rent-seeking individuals who are less likely to

demand a bribe in exchange for not issuing a ticket when monitored.

Results in Table 2.3 indicate an overall increase in the number of tickets issues when

a camera is functional, consistent with an incentive effect on officers when monitored. In

panels A-C of Table 2.4 we explore whether the increase in number of tickets issued is

being driven by any specific types of violations, with particular interest in violations that

can be monitored by the CCTV cameras. Panels A-C of Table 2.4 show that common road

rules citations drive the previously estimated increases in total tickets issued, with some

additional increases in motorcycle helmet citations. Both are easily monitored remotely by

the cameras.16 In contrast, violations that are not observable remotely and more likely to

be correlated with corrupt behavior due to officer discretion, such as dangerous driving and

issues with driver or vehicle documentation (“papers”), do not appear to be affected by the

functionality of the cameras.

Panel D of Table 2.4 reports results for the non-functioning cameras and the nearby

placebo locations with comparable ticketing patterns that did not have a camera installed.

16Examples of “road rules” violations include: not stopping before a pedestrian crossing, illegal turns,
and running yellow and/or red lights. The “helmet” category mostly consists of helmet infractions but also
includes more general unsafe riding citations to motorcycles. We choose the term “helmet” to avoid confusion
with vehicle types in Table 2.5. See Data section for more details.
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The table shows generally negative or statistically insignificant results. Here we find evi-

dence that drivers appear to be more careful in regards to “dangerous” and CCTV observ-

able violations, particularly motorcycle riders.

In Table 2.5 we further explore whether violations issued to vehicles according to their

observable characteristics exhibit any changes. Anecdotal evidence and unofficial records

of bribe reporting available online17 indicate that bribes are more commonly collected for

bigger more expensive vehicles and vehicles with out-of-state license plates. We report

results for out-of-state vehicles, big cars, cars and motorcycles. These categories are not

always mutually exclusive, e.g. big car is a subset of cars, out-of-state vehicles could be

cars or motorcycles.

Panel A of Table 2.5 shows aggregate increases in tickets issued to cars and motorcy-

cles, but no changes to those more likely to be targeted for extortion, such as out-of-state

vehicles and big cars. Panels B and C split these overall violations by whether they are

observable or not by the CCTV cameras. Consistent with the aggregate results reported in

panel A, for CCTV observable violations (panel B), cars and motorcycles show the high-

est increase in tickets. As these are the most common vehicles and officers know they are

being monitored, increasing ticketing to these vehicles likely requires the lowest increase

in effort and offers the greatest decrease in the probability of being punished for shirking.

It is also worth noting that the results indicate a proportionally smaller (and statistically

insignificant) increase in ticketing towards out-of-state and big cars. One interpretation of

this result is that officers reduce shirking generally, but avoid ticketing big or out-of-state

17See http://www.ipaidabribe.com/
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vehicles for fear of irritating a wealthy or powerful individual. They may also see little

return to issuing such citations if camera monitoring reduces the potential payout of such

interactions.

Panel C reports results for violations not observable by CCTV cameras. Intriguingly,

both cars and big cars show a statistically significant increase in violations issued by on-

the-ground officers after the onset of camera installation. It is possible that this is driven

by a general change in norms prompted by the camera installations, inducing officers to

increase effort even when unobserved. Another way such a pattern might arise is due to

officers pocketing fewer bribes in exchange for not issuing challans. A reduction in active

corruption seems more consistent with the results of Panel B, where officers appear to be

reacting differently towards big cars when monitoring is introduced. Put another way -

officers do note cite big cars more frequently for monitored violations, but do appear to

cite big cars more frequently for discretionary violations. Ultimately, it is difficult to make

definite statements about corruption given the available data. Still, it seems quite feasible

that these ticketing patterns are consistent with a decrease in bribe-taking, at least within

the immediate vicinity of the cameras.

Panel D of Table 2.5 reports results for the non-functioning cameras and the nearby

placebo locations with comparable ticketing patterns that did not have a camera installed.

Results show a decline in the number of tickets issued across all type of vehicles. This is

consistent with drivers of all vehicles being more careful in the presence of the cameras,

and encouragingly suggests that driver responses are relatively uniform across vehicle types
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and driver responses are not driving our other estimates.

Taken together results in this section indicate that the observed increase in the number

of on-the-ground tickets recorded after the installation of the CCTV cameras arise mostly

from a decrease in shirking, in particular in regards to violations that are observable by

CCTV cameras and issued to the most common types of vehicles. The fundamental prob-

lem of unobserved data prevents us from being able to say something definite about cor-

ruption. We view the results in Panels B and C of Table 2.5 as suggestive evidence that we

should not rule out a modest decrease in rent-seeking behavior at CCTV intersections.

2.7 Robustness and Additional Results

In Tables 2.6 and 2.7 we present results that address our most important data quality

and specification concerns. In panel A of Table 2.6, we limit the locations to only those that

have a high number of tickets recorded on a regular basis (eliminating the low-functioning

camera group used in the driver behavior test, plus one borderline case). We do this because

our measures of camera functionality use information from the CCTV tickets issued by a

camera on any given day. In particular, if no tickets are issued by a camera on a given

location and day then the Functional indicator takes a value of zero. This seems to be a

reasonable assumption given a pre-period mean of nearly 5.9 daily tickets. However, it is

still possible that we are coding as “non-functional” cameras that were in fact working, but

issued no tickets by chance. To check that our results still hold when we omit locations with

an average lower number of tickets recorded on any given day, we re-run the regression

just using places where having zero tickets is rare. Results in Panel A using as the key
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explanatory variable the interaction between Post and Mean Intensity show an increase in

the number on-the-ground tickets issued, consistent in magnitude with those reported in

Table 2.3 with larger standard errors.

Panel B of Table 2.6 shows results using nighttime violations only, as a placebo check

since cameras did not have night vision and were not functional during this time. We find

that in two out of the three specifications, the results are insignificant, and much smaller in

magnitude than those when we use daytime data.18

Figure 2.6 is used to ease potential concerns with statistical inference in the context

of few clusters. We perform permutation inference by randomly re-allocating the “mean

intensity” vector across locations 5000 times, and estimating how extreme the observed

treatment effect is relative to these mean-zero synthetic placebo treatments. We note that

the observed coefficient (corresponding to Panel C, Table 2.3, column (3)) is larger than

98% of permutated treatment effects.

Finally, in Table 2.7 we change how we define a CCTV “location” by varying the dis-

tance between a CCTV camera and the violations issued by on-the-ground officers con-

sidered to be in the “same” approximate location. We do this to test the robustness of our

results to measurement error in our approximate violation coordinates, which are based

on groups of written location descriptions in the police department’s administrative data.

The result of these groupings are the two maps in Figures 2.1 and 2.2, the first (described

in the Data section) showing approximate violation locations, and the second showing an

18We selected the functioning hours to be between 8 am and 7 pm. In robustness checks not shown, where
we modify these hours slightly, our results remain consistent with the ones reported here.
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example of buffer areas larger than 100 meters used in Table 2.3.

As we increase this distance to the closest camera, there could be two separate effects.

First, it is likely that the traffic officer would be so far away from the CCTV that effectively,

he/she would not be exposed to monitoring by the camera and the control room. This should

lead to lowering of the impact of intensity of functionality of cameras on number of traffic

violations. Second, it is also possible that by increasing the possible area of scope, we

are reducing the measurement error in mapping the original violation. This could lead to

an increase in the (potentially) downward biased estimates found in Table 2.3. Columns

(1) to (6) in Table 2.7 show the estimates as distance increases from 100 meters to 800

meters. We find similar results with a slight increase in the magnitude of the estimate when

distance of closest camera increases up to 300m, but then there is a sharp decline at 600m

in the estimates of monitoring on violations. This may imply that after correction for the

measurement error, extending the distance of the closest camera from the likely violation

site leads to a dilution of the main effects.

2.8 Conclusion

Well-documented evidence of absenteeism and shirking by public sector workers in de-

veloping countries, and India in particular, has shown that this behavior translates into in-

efficiencies, decreased learning, and poor service delivery (Chaudhury and Hammer 2004,

Chaudhury et al. 2006, Duflo et al. 2012). We add to this literature by studying a differ-

ent group of public officials, traffic officers, and find that a surveillance technology meant

mainly for drivers resulted in significant reductions in shirking among officers.
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Our context is the Indian city of Chandigarh, where CCTV cameras were installed at

twenty major intersections. To isolate the effect on traffic officers, we control for any po-

tential changes in driver behavior due to the presence of cameras by exploiting the variation

in how often the cameras worked at different locations. Regardless of the model used, we

find consistent results indicating that the number of tickets issued by officers on-the-ground

increased after the installation of the cameras. Although we cannot totally rule-out possi-

ble decreases in rent-seeking behavior in the vicinity of the cameras, our results appear to

be driven by reductions in shirking. The increase in violations issued by on-the-ground

officers are predominantly to cars and motorcycles with local registration and for viola-

tions that are easy-to-monitor for the CCTV cameras, such as failing to stop at a pedestrian

crossings or failing to wear a helmet when on a motorcycle.

Banerjee et al. (2021) indicate that reforms to improve policing in India can be chal-

lenging due to the hierarchical nature of the organization. In a context of increases in

worldwide adoption of CCTV cameras for traffic and crime monitoring, our results suggest

that policing can be improved by exploiting the complementarities between on-the-ground

enforcement and remote monitoring of both drivers and officers. This is the case even when,

as in our context, camera operators’ distinct role is not to supervise the behavior of on-the-

ground officers. These complementarities are helpful not only in improving the efficiency,

institutions, and delivery of public services, but they can also be leveraged to increase road

safety. This is important as the majority of road traffic deaths occur overwhelmingly in de-

veloping countries (Duflo et al. 2019), and globally the World Health Organization (2018)
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reports that road traffic injuries are now among the top 10 leading causes of deaths for all

age groups.
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2.9 Figures for Chapter 2

Figure 2.1: Map of Chandigarh and Location of CCTV Cameras. Gray dots
indicate approximate locations of on-the-ground violations, black triangles in-
dicate the location of CCTV cameras, and gray-filled triangles indicate placebo
locations.
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Figure 2.2: Location of CCTV Cameras and 300m Buffer Circles. Gray
dots indicate approximate locations of on-the-ground violations, black triangles
indicate the location of CCTV cameras, and circles indicate a 300 meter radius
area from each CCTV camera.
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Figure 2.3: Daily Number of On-the-Ground Violations (left axis) and Cu-
mulative Number of Days the Camera is Functional (right axis). X-axis in-
dicates number of days since the start of the sample. Figures by CCTV location
using daily number of tickets recorded within 100 meters from each camera.
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Figure 2.4: Event Study Type Figure Using Months Pre/Post Camera In-
stallation. Figure reports coefficients from the regression specified in footnote
14 of section 2.5. Cameras were installed on May 7, 2010. Coefficients are nor-
malized in relation to April 2010. Bars indicate 95% confidence intervals. Re-
sults show no pre-period trends and an increase in the number of on-the-ground
violations in locations where cameras worked more often relative to locations
where they worked less often, consistent with an incentive effect of monitoring.

Figure 2.5: Event Study Type Figure Using Months Pre/Post Camera In-
stallation on Driver Behavior. Figure reports coefficients from the regression
specified in footnote 14 of section 2.5 for the driver behavior test. Coefficients
are normalized in relation to April 2010. Bars indicate 95% confidence inter-
vals. Results show no pre-period trends and a decrease in the number of tickets
of on-the-ground violations in locations with non-functioning cameras relative
to nearby locations without cameras, consistent with drivers being more cautious
in the presence of a camera regardless of whether it functions.
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Figure 2.6: Permutation Inference Results. The figure presents a test of
Fisher’s sharp null hypothesis of the “mean intensity” variable’s effect on the
total number of traffic tickets issued. The “mean intensity” variable, a constant
for each CCTV camera, was randomly re-assigned across locations 5000 times
and the regression in equation 2.1 was estimated. Results correspond to Table
2.3, Panel C, column (3). The true observed coefficient exceeded 98% of these
mean-zero permuted treatment effects (in absolute value), yielding the permuta-
tion test p-value.
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2.10 Tables for Chapter 2

Table 2.1: Summary Statistics

(1) (2) (3) (4) (5)
VARIABLES N mean sd min max
Number of violations 23,660 5.343 9.016 0 193
Any violations 23,660 0.648 0.478 0 1
Functional 23,660 0.219 0.414 0 1
running 23,660 2.207 4.044 0 19.90
Mean intensity 23,660 0.413 0.342 0.00145 0.939
Post 23,660 0.585 0.493 0 1
Daytime 23,660 1 0 1 1
Out of state plate 23,660 2.496 4.096 0 81
Big vehicle 23,660 0.189 0.615 0 14
Car 23,660 2.189 4.701 0 123
Motorcycle 23,660 1.618 2.911 0 46
anycctv 23,660 4.213 7.841 0 193
Major road-rule (roadrules) 23,660 2.428 6.460 0 177
No or unauthorized helmet/unsafe motorcycle (helmet) 23,660 0.957 2.500 0 43
Other CCTV (other cctv) 23,660 0.828 1.656 0 41
nocctv 23,660 1.130 3.274 0 93
Parking tickets (parking) 23,660 0.177 0.784 0 20
License/insurance/registration (papers) 23,660 0.278 1.108 0 44
Dangerous driving (dangerous) 23,660 0.205 1.651 0 44
All other (other) 23,660 0.470 1.749 0 49

Note: The unit of observation is the CCTV location by date, using only daytime observations. Func-
tional is a dummy variable equal to one when a CCTV camera recorded any violations. ‘Months’
Running is the cumulative number of days a CCTV camera was working after May 7, 2010, the
day when the cameras were installed (divided by 30). Mean Intensity is defined as the percentage
of time that the CCTV camera was functioning since the installation of the CCTV cameras. Post is
a dummy variable equal to one after installation of the CCTV cameras. Panels B and C report the
number of violations recorded according to each of the characteristics given.
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Table 2.2: Effect of CCTV Cameras Prior to the Installation of the Cameras (Pre-Trends)

(1) (2) (3) (4) (5) (6)
Panel A: Effect of CCTV cameras on Officers Ticketing Behavior
(Mean Intensity)*Post -0.817 -0.233 -0.385 -0.218 -0.016 0.042

(1.696) (1.540) (1.480) (1.487) (1.444) (1.403)
Observations 9,820 9,820 9,820 9,820 9,820 9,820

Panel B: Effect of Non-functional CCTV cameras on Drivers
(Non-Functioning Camera)*Post 0.354 -0.044 -0.138 -0.135 -0.186 -0.266

(0.572) (0.688) (0.575) (0.608) (0.660) (0.620)
Observations 6,383 6,383 6,383 6,383 6,383 6,383

Months before actual Post 2 4 6 8 10 12

Notes: Each coefficient comes from a separate regression. The unit of observation is the CCTV
location by date, using only daytime observations. This table uses only data prior to installation of
the cameras. Panel B includes only ‘Non-Functioning’ CCTV cameras, defined as the 8 locations
where the cameras function less than 10% of the time, and compares them to 5 nearby placebo
locations with comparable ticketing patterns that did not have a camera installed. All regressions
include controls as described in equation 2.2, and report block bootstrapped standard errors re-
sampled at the CCTV location level.
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Table 2.3: Effect of CCTV Cameras on Officers On-the-Ground Ticketing Behavior

Any violation Violations
LPM Poisson Counts
(1) (2) (3)

Panel A
Functional*Post 0.118*** 0.447*** 2.469**

(0.045) (0.173) (1.092)
Observations 23,660 23,660 23,660
R-squared 0.444 0.329

Panel B
(’Months’ Running)*Post 0.022*** 0.134*** 0.614***

(0.008) (0.033) (0.188)
Observations 23,660 23,660 23,660
R-squared 0.450 0.347

Panel C
(Mean Intensity)*Post 0.314** 1.536*** 7.921***

(0.126) (0.468) (2.944)
Observations 23,660 23,660 23,660
R-squared 0.451 0.344

Panel D: Driver Behavior
(Non-Functioning Camera)*Post -0.052 -0.392 -2.493

(0.103) (0.586) (1.541)
Observations 15,379 15,379 15,379
R-squared 0.513 0.492

Distance from CCTV 100m 100m 100m

Notes: Each coefficient comes from a separate regression. The unit of observation is the CCTV
location by date, using only daytime observations. Panel D includes only ‘Non-Functioning’ CCTV
cameras, defined as the 8 locations where the cameras function less than 10% of the time, and
compares them to 5 nearby placebo locations with comparable ticketing patterns that did not have
a camera installed. All regressions include controls as described in equation 2.1, and report block
bootstrapped standard errors re-sampled at the CCTV location level. LPM = Linear Probability
Model. *** p-value<0.01, ** p-value<0.05, * p-value<0.1.
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Table 2.4: Violations by Type (Levels)

(1) (2) (3) (4) (5) (6) (7)
Observed by CCTV Cameras Not Observed by CCTV Cameras

Outcome variable: Roadrules Helmet Other CCTV Parking Papers Dangerous Other
Panel A: Linear Regression
Functional 1.761** 0.518* 0.145 0.020 -0.009 0.078 -0.044

(0.711) (0.285) (0.159) (0.036) (0.050) (0.090) (0.054)
Observations 23,660 23,660 23,660 23,660 23,660 23,660 23,660

Panel B: Linear Regression
Months running 0.464*** 0.081* 0.035 0.015* 0.002 0.024 -0.007

(0.117) (0.049) (0.031) (0.008) (0.008) (0.015) (0.017)
Observations 23,660 23,660 23,660 23,660 23,660 23,660 23,660

Panel C: Linear Regression
(Mean Intensity)*Post 5.149*** 1.475 0.786* 0.181 0.070 0.181 0.078

(1.706) (0.920) (0.471) (0.127) (0.137) (0.177) (0.164)
Observations 23,660 23,660 23,660 23,660 23,660 23,660 23,660

Panel D: Linear Regression (Driver Behavior)
(Non-Functioning Camera)*Post -0.140 -1.437** -0.604* 0.056 -0.081 -0.216* -0.071

(0.431) (0.662) (0.344) (0.074) (0.095) (0.118) (0.086)
Observations 15,379 15,379 15,379 15,379 15,379 15,379 15,379

Distance from CCTV 100m 100m 100m 100m 100m 100m 100m

Notes: Each coefficient comes from a separate regression. The unit of observation is the CCTV
location by date, using only daytime observations. Panel D includes only ‘Non-Functioning’ CCTV
cameras, defined as the 8 locations where the cameras function less than 10% of the time, and
compares them to 5 nearby placebo locations with comparable ticketing patterns that did not have a
camera installed. All regressions include controls as described in equation 2.1, and report block
bootstrapped standard errors re-sampled at the CCTV location level. *** p-value<0.01, ** p-
value<0.05, * p-value<0.1.
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Table 2.5: Violations by Vehicle Type (Levels)

(1) (2) (3) (4)
Outcome variable: Out of State Big Car Car Motorcycle
Panel A: All Violations
(Mean Intensity)*Post 1.273 0.135 3.627*** 2.028*

(1.298) (0.091) (1.249) (1.061)
Observations 23,660 23,660 23,660 23,660

Panel B: Observed by CCTV Cameras
(Mean Intensity)*Post 1.010 0.072 3.306*** 1.893*

(1.048) (0.064) (1.186) (0.980)
Observations 23,660 23,660 23,660 23,660

Panel C: Not Observed by CCTV Cameras
(Mean Intensity)*Post 0.263 0.063** 0.322** 0.134

(0.271) (0.030) (0.152) (0.095)
Observations 23,660 23,660 23,660 23,660

Panel D: Driver Behavior: All Violations
(Non-Functioning Camera)*Post -1.437 -0.111* -0.752* -1.169*

(0.880) (0.060) (0.456) (0.662)
Observations 15,379 15,379 15,379 15,379

Distance from CCTV 100m 100m 100m 100m

Notes: Each coefficient comes from a separate regression. The unit of observation is the CCTV
location by date, using only daytime observations. Panel D includes only ‘Non-Functioning’ CCTV
cameras, defined as the 8 locations where the cameras function less than 10% of the time, and
compares them to 5 nearby placebo locations with comparable ticketing patterns that did not have a
camera installed. All regressions include controls as described in equation 2.1, and report block
bootstrapped standard errors re-sampled at the CCTV location level. *** p-value<0.01, ** p-
value<0.05, * p-value<0.1.
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Table 2.6: Main Results - Robustness

LPM Poisson Counts
(1) (2) (3)

Panel A: High-Function Cameras
(Mean Intensity)*Post 0.518 2.640** 11.378

(0.334) (1.049) (7.412)
Observations 14,196 14,196 14,196
R-squared 0.437 0.399

Panel B: Nighttime
(Mean Intensity)*Post 0.118 0.578* 0.445

(0.076) (0.316) (0.394)
Observations 23,660 23,660 23,660
R-squared 0.306 0.240

Distance from CCTV 100m 100m 100m

Notes: Each coefficient comes from a separate regression. The unit of observation is the CCTV
location by date, using only daytime observations. All regressions include controls as described in
equation 2.1, and report block bootstrapped standard errors re-sampled at the CCTV location level.
LPM = Linear Probability Model. *** p-value<0.01, ** p-value<0.05, * p-value<0.1.

Table 2.7: Main Results by Distance to CCTV Camera

(1) (2) (3) (4) (5) (6)
Outcome variable: Count of Violations
Panel A: Poisson Model
(Mean Intensity)*Post 1.536*** 1.532*** 1.544*** 1.470*** 1.394*** 0.519**

(0.468) (0.468) (0.436) (0.369) (0.336) (0.248)
Observations 23,660 23,660 23,660 23,660 23,660 23,660

Panel B: Regression Model
(Mean Intensity)*Post 7.921*** 7.927*** 7.951*** 8.451*** 8.277*** 6.213*

(2.944) (2.943) (2.943) (2.827) (2.819) (3.329)
Observations 23,660 23,660 23,660 23,660 23,660 23,660

Distance from CCTV 100m 200m 300m 400m 500m 800m

Notes: Each coefficient comes from a separate regression. The unit of observation is the CCTV
location by date, using only daytime observations. All regressions include controls as described in
equation 2.1, and report block bootstrapped standard errors re-sampled at the CCTV location level.
*** p-value<0.01, ** p-value<0.05, * p-value<0.1.
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Chapter 3: The Effect of Constrained Climate Policies: Evidence from
Australia

3.1 Introduction

Economic theory suggests that carbon pricing is the most economically efficient policy

instrument to mitigate climate change (Nordhaus, 1977; Poterba, 1991; Aldy et al., 2010).

As of 2023, over 70 national or sub-national economies have introduced carbon pricing

(World Bank, 2023), and hundreds of ex-ante studies have been carried out assessing the

impacts of hypothetical carbon pricing schemes.1 Yet a growing body of ex-post empirical

evidence finds that carbon pricing has produced only modest reductions in emissions (e.g.

Green, 2021).

Emissions reductions from carbon pricing policies may have been modest for a variety

of reasons. It may be the case that prices levied on emissions have induced economically

efficient, but small (potentially costly) reductions in emissions. On the other hand, emis-

sions prices may be inefficiently low due to economic concerns or political concessions,

such as exemptions built-in that limit policy coverage (Rafaty, Dolphin, and Pretis, 2020).

Moreover, carbon pricing policies may be complex, leading to delays in emissions reduc-

tions, or emissions policies my have uncertain futures which lead firms to “wait-and-see”

1Timilsina (2018) provides an introductory overview of different types of carbon pricing instruments,
including carbon taxes, emissions trading system (ETS), and carbon offset mechanisms.
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before changing input or output decisions.

This study provides insights on the efficacy of constrained carbon pricing instruments

by focusing on the experience of Australia. We argue that Australia is a particularly in-

teresting policy environment, exhibiting both complexity and significant uncertainty over a

substantial national carbon pricing policy. In particular, over a backdrop of an expansion

of subsidies for renewable energy generation in 2009, Australia announced a controver-

sial carbon price in 2011, enacted in 2012, but subsequently repealed by 2015. To our

knowledge, the focus of our study on a repealed policy is novel. Our study sheds light

on the effects of political uncertainty on real-world environmental policies. Moreover, a

mixed subsidy and “tax”2 is a common feature of carbon pricing schemes proposed and in

existence today.

Several interesting questions arise in the Australian context. What were the combined

effects of the policies during the time of implementation? If emissions were reduced, were

the reductions transitory, or did the policies shift emissions onto a long-run path below

what would have occurred in the absence of the policy? Did firms sink costly investments

that yielded future emissions reductions? Did they wait-and-see if uncertainty over the tax

would be resolved? And finally, did the pricing policy lead to production leakage (was

Australian coal shipped abroad during and after the tax was in place)?

We analyze these questions quantitatively. In the main part of the analysis, we apply

synthetic control to Australia’s aggregate emissions from 1980-2018 in the spirit of Ander-

2For simplicity and clarity, we refer to the policy expansion of the existing policy as “subsidy”, and
the new pricing policy as “tax” or “price” on carbon. We discuss the specific details of the policies in the
following section.
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sson (2019). There are several challenges unique to this context which we discuss in the

following sections, most importantly for selection of a donor pool of economies to replicate

the trajectory of Australia’s emissions during the 2000s. Among other adjustments to the

estimation, we limit the donor pool to countries with no national emissions policies during

the sample period and focus on other high-emitting countries following the recommenda-

tions of Abadie (2021). We employ a battery of robustness and sensitivity checks including

the analysis of placebo policies at different times, and leave-one-out analysis to ensure the

results are robust to changes in the donor pool. We also analyze data that sheds further light

on mechanisms, building intuition for the core results.

We estimate that Australia’s increase in renewal subsidies in tandem with its short-lived

carbon pricing scheme caused a 5-8% reduction in total emissions per capita from 2010 to

2018. We show that contemporaneous with policy implementation, power sector emissions

declined as a result of declining coal-fired generation, while wind and especially solar

generating capacity rapidly increased. We show that emissions declined rapidly while the

pricing scheme was in place, and confirm qualitatively that emissions did not rebound to a

level consistent with their likely path had the policy never been implemented. On the other

hand, we present evidence that the rapid decline in emissions stalled after the repeal of the

carbon price in 2015. Lastly, we show descriptive evidence suggesting that coal production

and exports may have been accelerated by the implementation of the pricing scheme and

the displacement of Australian coal.
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3.2 Policy Details

Australia implemented a subsidy for renewable electricity generation in 2001 called

the Renewable Energy Target (RET), which had modest objectives until 2009 when its

ambition was substantially increased.3 The RET requires entities that acquire electricity

in wholesale markets to also acquire green certificates in proportion to their market share.

The green certificates can be created only by MWhs (MegaWatt-hours) from new renewable

generation, effectively creating a tax and transfer system from load serving entities that sell

retail electricity to new producers of renewable energy. Initially passed at the start of the

2000s, the target aimed to grow renewable generation to 2 percent of the national total by

2010. In 2009-2010 however, with broad legislative support, the RET increased its goal to

an ambitious 20 percent of generation from renewable sources by 2020 (Cludius, Forrest,

MacGill; 2014).

Australia also implemented a controversial short-lived carbon pricing scheme4 on the

energy sector from 2012-2014, announced in 2011.5 As early as 2008, a series of refer-

enda in the Australian congress strongly signalled the possibility of new climate policy.

In 2010, the recently elected Prime Minister formed a multi-party commission to formally

consider the details of a new national climate policy (Peel, 2014). The tax itself proposed to

cover about 60% of Australia’s total emissions by targeting the direct emissions (sometimes

called Scope 1 emissions) of over 350 of the highest emitting firms in the country. Notably,

3https://www.cleanenergyregulator.gov.au/RET/About-the-Renewable-Energy-Target/History-of-the-
scheme

4We interchangeably use “tax,” for simplicity.
5https://www.cleanenergyregulator.gov.au/Infohub/CPM/Pages/About-the-mechanism.aspx
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this designation did not cover emissions from exported fossil fuels. The overarching plan

of the tax included a preliminary phase from 2012-2014, in which a fixed price fee of 23

to 25 AUD would be charged per ton of CO2 equivalent emitted to covered firms, followed

by a secondary phase in which the fee would float and Australian emissions allowances

would integrate with world markets (specifically with the EU ETS). The plan was repealed

in 2014, prior to integration.

Around the time that the carbon tax was implemented, there was considerable uncer-

tainty about the future of Australian carbon pricing. In the summer of 2012, Jotzo, Jordan,

and Fabian (2012) surveyed 76 experts from liable entities (including electricity genera-

tors), investors, advisors, and academics and found an unusual pattern in the responses.

Among the surveyed experts, almost all expected the policy to be in place for at least the

next two years, but 39% expected the policy to be repealed by 2016. Experts from liable

entities were most “optimistic” in the sense that they were most likely to predict that the

policy would be repealed. This suggests that firms may not have responded to the policy

in meaningful ways because they accurately forecasted that it would not be binding in a

few years. However, when asked whether the would be a carbon price in future years, 79%

expected a price by 2020 and 81% by 2025. This suggests that over longer time horizons,

Australian firms anticipated a carbon price and so may have responded to the policy with

investment or other long-term decisions. Which effect dominated is ultimately an empirical

question.
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3.3 Methods: Synthetic Control and Extensions

To estimate the impacts of Australia’s climate policies, we utilize the approach of the

quantitative case study (Abadie and Gardazebal, 2003; Abadie etal, 2015). Recent develop-

ments in synthetic control and related estimation techniques have the advantage of minimal

data requirements while providing a disciplined and transparent approach for the analysis

of policies with aggregate data. Moreover, synthetic control and related techniques have

been shown to be more adaptable than in its traditional form (Abadie, 2021), and to have

desirable properties for the estimation of causal effects in many contexts.

In the basic setup for the case considered in the paper, we observe units j = 1, ...,J +

1 for time periods t = 1, ...,T . Without loss of generality let j = 1 be the treated unit,

and consider an intervention that occurs at time T0 +1 <= T . Denote observed outcomes

(e.g. emissions per capita) by Yjt and potential outcomes Y jt(1),Yjt(0) with and without

treatment, respectively. The treatment effect for unit j at time t is defined as

τ jt = Yjt(1)−Yjt(0). (3.1)

Sometimes called the fundamental problem of causal inference, the object of interest

τ1t , t > T0 cannot be calculated because we only observe one of its two components. Syn-

thetic control seeks to use a weighted sum of control units 2, ...,J+1 to impute the missing

counterfactual outcome of the first unit (i.e. annual emissions per capita in Australia had

the tax not been implemented). The weights w∗
j are chosen subject to positivity and adding-

up constraints w j >= 0 ∀ j and ∑
J+1
j=2 w j = 1. Thus the imputed counterfactual is a convex
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combination of control units, and the estimated treatment effect is given by

τ̂1t = Yjt −
J+1

∑
j=2

w∗
jYjt (3.2)

for periods T0 +1, ...,T . We use the estimator implemented by Abadie et al. (2011), which

defines a (k x 1) vector of characteristics of the treated unit X1, and a (k x J) matrix of

the same characteristics for the control units X0. The matrices X1,X0 are typically com-

posed of pre-period values of the variable of interest (i.e. emissions per capita) or other

variables with significant predictive power. Stacking the weights into a length J vector

W = w2, ...,wJ+1, the algorithm minimizes the objective function

√
(X1 −X0W )′V (X1 −X0W ) (3.3)

where V is defined as some (k x k) symmetric and positive semidefinite matrix defining the

relative importance of the k characteristics in the minimization. In practice, we rely on the

default proposed by Abadie et al. (2011) which performs a two-step optimization, choosing

both W and V jointly to minimize the objective function (in other words, to maximize pre-

treatment fit).

There are many extensions to synthetic control that have been proposed to make the

method more versatile and improve pre-treatment fit. In particular, in the case of Australia

we implement the de-meaned estimator proposed both by Doudchenko and Imbens (2016)

and Ferman and Pinto (2021), which we refer to as the DIFP estimator. We discuss reasons
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why this estimator is a more suitable choice below. Intuitively, the DIFP estimator imputes

the counterfactual Y1t(0), t > T0 with an included intercept, replacing equation (3.2) with

τ̂1t = Yjt − (µ +
J+1

∑
j=2

w∗
jYjt) (3.4)

where µ is also a parameter to be estimated. In practice, the DIFP estimator is imple-

mentable by demeaning observations for each country from a pre-period value and then

estimating the synthetic control as normal. This poses no additional complications for

computation or inference, and just requires adjusting expression (3.3) so that X1,X0 are

replaced with their time-demeaned analogues Ẍ1, Ẍ0.

In future versions of the paper, we plan to consider the algorithm proposed in Ben-

Michael et al. (2021) which uses regularization to allow for negative weights to improve

pre-treatment fit, and consider more formal inference procedures as proposed by Cattaneo,

Feng, and Titiunik (2021).

3.4 Data

We use annual country-level panel data over the period 1980-2018, with restrictions

described below. In the analyses of per capita emissions, we form a control group that

replicates the pre-existing trend in emissions prior to implementation of the new climate

policies. As pre-period characteristics we consider some subset of the following variables

that provide a good fit: emissions shares from different sectors, GDP per capita, popula-

tion, and energy consumption of different emitting fuels (coal, natural gas, and petroleum
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products).

The outcome variable for the main analysis is the emissions of CO2 per capita. Emis-

sions data come from the Emissions Database for Global Atmospheric Research (EDGAR).

The EDGAR dataset uses a bottom-up methodology to calculate emissions in the power,

industry, buildings, transport, and agricultural sectors. The methodology is applied consis-

tently to all countries to facilitate comparison across countries.6

Two variables generally considered important predictors of emissions, and that are in-

deed correlated with emissions across countries, are population size and economic output.

We use the harmonized long run estimates of GDP per capita and population in the MAD-

DISON database, which utilize similar methodology and are published alongside the Penn

World Tables (PWT).7

Finally, to obtain a good fit and improve the credibility of the synthetic control es-

timates, we use fuel consumption of coal, natural gas, and petroleum products from the

Energy Information Administration (EIA) International Energy Statistics.8

3.5 Estimation Details

The primary difficulty in applying synthetic control to Australia’s climate policies is

the country’s status as an outlier in terms of emissions per capita. Australia’s electricity

sector (and exports) are highly coal-dependent and therefore emissions-intensive. More-

over, many natural comparison countries that might help form a plausible counterfactual

6Further information and downloads are available at https://edgar.jrc.ec.europa.eu/report 2022.
7Available at https://www.rug.nl/ggdc/historicaldevelopment/maddison. In practice, PWT and MADDI-

SON GDP and population figures are almost identical for the periods in this study.
8https://www.eia.gov/international/data/world.
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for Australia’s emissions must be omitted from the sample because they implemented poli-

cies that would significantly affect emissions during the sample period. For instance, the

implementation of the European Union’s Emissions Trading System (EU ETS) in 2005

disqualifies all EU countries.

We form the donor pool for Australia in three main steps. First, we construct a global

panel dataset of emissions, GDP per capita, and energy consumption using the data sources

previously described. Second, we use data provided by the World Bank (primarily from

the Carbon Pricing Dashboard)9 to identify every country that implemented a national-

level carbon price or ETS from 1980-2017 and disqualify them from the donor pool. Third,

to address Australia’s position as an outlier in emissions per capita, we limit the donor pool

to countries with the top 35 average highest emissions per capita over the period 1980-

2000.10 The resulting donor pool is listed in Appendix C.1. This final restriction makes

motivation of the DIFP estimator simpler (explained below), speeds computation, and helps

maintain sparsity of the nonzero weights chosen by the algorithm. Including all countries

with complete data does not meaningfully change the results.

Figure 3.1 motivates the use of the DIFP estimator. The solid line displays Australia’s

total emissions per capita from 1980-2018 while the dotted line displays the donor pool

average over the same period. Both groups show a gradual upward trend for most of the

sample period, while Australia’s emissions declined starting in the mid- to late-2000s. The

9https://carbonpricingdashboard.worldbank.org. The Australian carbon tax, incidentally, does not appear
in the World Bank’s carbon tracker data.

10We then also exclude Brazil and Syria from the donor pool due to their economic crises and war, respec-
tively, in the 2010s which caused their emissions to greatly decline.
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broadly similar trend early in the sample (and the significant heterogeneity within the donor

pool, not pictured) suggests that it may be difficult to match Australia’s level of emissions

per capita, but it may be possible to match the trend, so this is the strategy we opt for.

In practice, we implement the DIFP estimator by fitting a synthetic control model after

“deameaning” the pre-period data by subtracting out its average emissions per capita from

1980-2000, as suggested by Doudchenko and Imbens (2016).

Given the year that the RET was updated (2009) and the ongoing controversy of a car-

bon pricing policy, we define T0, the last year before treatment, to be 2008. This allows us

to simultaneously estimate the impact of the two policies by estimating the counterfactual

and examining the dynamic treatment effect as uncertainty over the tax unfolded. This ap-

proach has the additional benefit, for analyzing the tax, of conforming with the back-dating

recommendation of Abadie (2021) to incorporate possible anticipation effects.

3.6 Results

Figure 3.2 illustrates the fit of our preferred synthetic control, where again the solid line

represents Australia’s true emissions profile over time. We use a mixture of lagged values of

per capita emissions (prior to implementation of the tax) and covariates theoretically likely

to be strong predictors of emissions. Figure 3.2 shows the model fit using the covariates

displayed in Table 3.1 in addition to emissions per capita in 2001 and 2007-2008. The fit

of the synthetic control has some error, but importantly is neither systematically high nor

low, over-predicting in the mid-1990s and the mid-2000s, but under-predicting in the early

1990s and early 2000s. There is a significant under-prediction in the year 2009, but in 2010
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the synthetic Australia and true Australia have almost exactly the same value. After 2010,

Australia’s emissions noticeably decline relative to its synthetic counterpart.

The estimated treatment effect is the gap between the synthetic Australia and true Aus-

tralia after 2008 (T0, represented by the vertial dashed line). The estimated treatment effect

increases from 2011-2014 when the tax was announced and in place (indicated by the

shaded vertical bars), before immediately flattening in 2015 with the repeal of the policy.

The treatment effect is most easily read from the axis on the right side of the figure, which

adds back Australia’s pre-period intercept to both series. The estimated average emissions

reduction over the period 2011-2018 is just above -1.05 metric tons of CO2 per capita, or

approximately 5.4% of emissions per capita in 2008. The pre-period average (absolute)

deviation is approximately 0.218 metric tons, or about 1.1% of emissions per capita in

2008.11 Relative to the standard deviation of Australia’s emissions per capita in the pre-

period, the estimated effect size is about 0.61 standard deviations while the pre-period error

is approximately 0.13 standard deviations.

Table 3.1 displays further details on covariates in the pre-period for Australia, the av-

erage of the donor pool and the synthetic unit. Each row displays the covariate average

over the period 1998-2008 (the 10 years prior to T0). As mentioned above, Australia (the

“Treated” unit) has a high share of emissions from the power sector, is relatively rich,

and has a very high coal consumption per capita relative to the donor pool average. The

synthetic unit does not balance perfectly on pre-period characteristics - however, it bet-

11The ratio of post-to-pre period mean squared prediction error is more than 21, but this quantity is best
understood in relative terms, which we address after presenting the main results.
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ter matches Australia on several important dimensions. In particular, it closely matches

the share of power sector emissions, income per capita much more closely, and is much

more similar in coal consumption per capita than the donor pool average. On the other

hand, it has slightly worse fit in terms of transportation share of emissions and natural gas

consumption per capita.

Table 3.2 shows the composition of the synthetic unit, displaying non-zero weights from

the donor pool. The chosen weights are importantly quite sparse, with the synthetic unit

composed mostly of Taiwan and the United States, with approximately 7% the combined

economies of Israel and Palestine, with each of Hong Kong and South Africa receiving

under 5%. We interpret Taiwan and Hong Kong as capturing regional (Pacific) economic

and policy shocks. The United States and South Africa both have cultural similarities to

Australia, particularly through British colonial history (as does Hong Kong). They also

are significant producers, exporters, and consumers of coal, which helps to balance the

synthetic unit with Australia in terms of power sector emissions share and coal consumption

per capita prior to the implementation of Australia’s new climate policies.

To build confidence in the empirical strategy, Figure 3.3 shows a leave-one-out sensitiv-

ity test of the result from Figure 3.2. To produce the figure, each of the five economies with

nonzero weights in Table 3.2 was dropped from the donor pool and the synthetic control

was re-estimated. The results show that the counterfactual path of Australian emissions

does not qualitatively depend on the choice of the five economies listed in Table 3.2. In

two cases the estimated treatment effect would have been qualitatively similar but smaller,
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in two cases the estimated treatment effect would have been similar, and in one case the

treatment effect would have been larger. Overall, the figure shows that the qualitative con-

clusions and approximate magnitudes described above are not idiosyncratically dependent

on the selection of the five economies in the optimal synthetic unit.

To further build confidence in the empirical strategy, Figure 3.4 displays a placebo-in-

time test of the methodology that produced Figure 3.2. To produce the figure, we back-

dated the pre-treament period T0 by 10 years, as well as all covariates from Table 3.1, and

evaluated a fake policy affecting emissions in Australia in the year 1998 during the period

1998-2008.12 Again, the synthetic control was able to replicate the trend in emissions

per capita quite well for 20 years prior to the policy. In the case of Figure 3.4 however,

there is no noticeable divergence between the synthetic unit and Australia’s true emissions

following the fake policy in 1998 or in 2001, as we should expect if the estimation strategy

is valid. In Appendix C.2 we shift the placebo treatment forward and back by two years

(1996 and 2000) to show that the placebo result is not dependent on the specific year chosen

for “implementation” of the fake policy.

Finally, in Figures 3.5 and 3.6 we show that the estimated treatment effect in Australia is

extreme relative to other countries in the donor pool using the permutation test proposed in

Abadie et al (2010). The dark black line in Figure 3.5 shows the “gaps” between Australia’s

emissions per capita and its synthetic counterpart from 1980-2018. The light gray lines

are the corresponding figure for each of the 33 donor pool countries, excluding those with

12Covariates are therefore averaged over the period 1988-1998, and lags of emissions per capita are from
1991 and 1997-1998.
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much higher prediction error in the pre-period. Specifically, we exclude countries for which

the mean squared prediction error was 5 or more times greater than Australia’s pre-period

MSPE.13

In Figure 3.6 we show the distribution of post-to-pre MSPE ratios for the same economies

depicted in Figure 3.5. Australia’s MSPE ratio between the post- and pre-periods was more

than 20, and the 2nd most extreme of any of the other units included in the figure. Because

permutation p-values can be highly sensitive to the number of sample countries considered

in the donor pool, in future drafts we plan to explore uncertainty quantification using pre-

diction intervals rather than relying on permutation procedures. Still, it is encouraging the

Australia’s estimated effect size is extreme regardless of the countries we include, as shown

in Appendix C.4.

3.7 Mechanisms

Some descriptive analysis gives insight into what drives the emissions reductions esti-

mated in the previous section. Figure 3.7 shows which sectors account for the estimated

reduction in emissions per capita. From Figure 3.7 it is evident that total emissions declines

are generally dominated by the power sector, and further that there is little or no evidence of

declining emissions from other sectors corresponding to the timing of the policy changes.

In Appendix C.5, we confirm that coal was the main fuel whose consumption meaningfully

declined after implementation of the policies.

13Appendix C.3 repeats this exercise with a less stringent MSPE threshold (20) and a more stringent MSPE
threshold (2).
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Figure 3.8 digs deeper into mechanisms, plotting electricity capacity by resource type

according to the EIA. A few interesting facts appear. From Figure 3.8 it appears that the

implementation of the pricing policy effectively halted fossil fuel capacity investments, ev-

idence consistent with the idea that firms were unwilling to make irreversible investment

decisions after the passage of the tax. Moreover, there appears to be a spike in fossil fuel

capacity additions after its repeal. Additionally, in Figure 3.8 we see a substantial rise in

renewable capacity, especially in solar generation. In Appendix C.5 we confirm that fossil

fuel plants lost some market share (in terms of energy generated) to renewable, wind, solar,

and hydro resources during this time. Rather than increasing with total electricity gener-

ation, fossil fuel generation declined from 2011-2014 and subsequently remained stable

through 2018.

3.8 Exports

Some descriptive analysis also sheds light on the issue of leakage. This evidence should

be taken with even more caution than the previous section, as it is an entirely different

sector and in no way a decomposition of the effects estimated earlier in the paper. Still,

the picture that emerges from Figure 3.9 is that coal production in Australia continued to

increase during the policy period and may have even accelerated. Moreover, it seems likely

that exports increased during the policy period given the apparent change in slope of the

time series from 2011-2014.

In future versions, we plan to perform time series analysis of production and exports to

corroborate the visual evidence in Figure 3.9. Preliminary tests indicate that both time se-
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ries (production and exports) have unit roots, using the augmented Dickey-Fuller approach

proposed in Elliott, Rothenberg, and Stock (1996). However, the empirically interesting

question is whether or not these potentially non-stationary process exhibit a structural

break around the times that new policies were implemented, and distinguishing between

non-stationarity and structural breaks is not always a simple task.

We propose to use a traditional test for multiple structural breaks at unspecified times

in the style of Bai and Perron (1998). Estimation will be performed in the context of two

different time series models, with the dependent variable Yt being coal exports in both

cases. The first model is a regression only on the year variable (equation 3.5), and so would

effectively test whether a linear trend or a linear trend with a break fits the export data

better. The second (equation 3.6) would regress coal exports on coal production. The idea

is that some portion of production is exported, and in theory the test could detect whether

an increased share of production was exported when climate policy changed.

Yt = β2t + εt (3.5)

Yt = β1Xt +ηt (3.6)

3.9 Conclusion

This analysis explores the effect of real-world climate policies in Australia: a mixture of

taxes and subsidies in an environment of major political uncertainty. Our analysis is novel

in using synthetic control and its variants to estimate the effects of the Australian carbon
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pricing policies on total CO2 emissions using aggregate data, and focusing on a policy that

was ultimately repealed. If nothing else, the analysis shows that a patchwork of climate

policies can be effective in reducing emissions, and that political constraints materially

impact the outcomes of environmental policy, sometimes in ways that are predictable.

In the case of Australia, our analysis suggests that Australia’s tax had a substantial

impact on total emissions, increasing while the tax was in place and eventually levelling

out over time. However, we highlight again the important caveat that what we are able to

capture here is the effect of the suite of emissions-related policies implemented in Australia,

most importantly to include the increase in renewable capacity subsidies at roughly the

same time as the new pricing policy. Strikingly, in the 4 years after the policy was repealed,

we don’t see clear evidence that the emissions rebounded to a level consistent with expected

emissions in the absence of a tax. Thus we cannot rule out that the tax has had a lasting

effect that may continue today.

On the other hand, we find that the momentum of the decline in emissions per capita

halted when the carbon price was repealed, and that the policy (which included no border

adjustment and did not cover embodied emissions from produced fossil fuels) appears to

have induced increased exports of Australian coal. While it seems clear then that Australia

changed the trajectory of its emissions around 2011, our treatment effect may overstate the

global impact on emissions if Australian coal was cheap enough to induce increased con-

sumption by its trading partners. More to the point, we cannot rule out a complete reversal

and rebound of emissions past our final sample year of 2018. We believe a total reversal of
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this type to be unlikely given the long-lived nature of electric capacity investments and the

clear and sustained upward trend in wind and solar power through the end of our sample.
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3.10 Figures for Chapter 3

Figure 3.1: Emissions per capita in Australia 1980-2018 versus donor pool countries
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Figure 3.2: Path plot of emissions per capita in Australia 1980-2018 versus synthetic
Australia

Figure 3.3: Leave-one-out path plots of emissions per capita versus synthetic Australia
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Figure 3.4: Placebo-in-time test

Figure 3.5: Permutation tests. Per capita emissions in Australia and placebo gaps for
donor pool countries.
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Figure 3.6: Permutation tests. Distribution of gaps and placebo gaps.

Figure 3.7: Australia’s emissions by sector
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Figure 3.8: Australia’s electric generation capacity

Figure 3.9: Australia’s coal production and exports
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3.11 Tables for Chapter 3

Table 3.1: Emissions per Capita Predictors Before Policy Changes

Variables Treated Synthetic Sample.Mean
Emissions share (power) 0.52 0.49 0.36
Emissions share (transportation) 0.21 0.20 0.20
Emissions share (other) 0.27 0.30 0.44
Log of gdp per capita (USD 000s) 3.72 3.57 2.68
Btus of coal per capita (Hundred MMs) 1.02 0.61 0.16
Btus of ng per capita (Hundred MMs) 0.53 0.43 0.47
Btus of petroleum per capita (Hundred MMs) 0.94 1.02 0.73
Emissions per capita in 2001 2.58 2.52 1.15
Emissions per capita in 2007-2008 (avg.) 3.00 2.96 2.26

Table 3.2: Nonzero Country Weights in Synthetic Australia

Weight Country (Unit)
0.55 Taiwan
0.31 United States
0.07 Israel and Palestine, State of
0.04 South Africa
0.03 Hong Kong

123



Appendix A: Appendices for Chapter 1

A.1 Supplementary Tables

Table A.1: Supplemental Summary Statistics

(1) (2) (3) (4) (5)
N mean sd min max

Below poverty line (000s) 254 9.019 16.58 0.175 180.2
Median Home Value (000s) 254 98.09 49.85 30.50 417.1
Median Rent 254 380.9 105.8 176 889
Annual Inmigr. 254 2,212 5,416 66 76,116
Annual Outmigr. 254 2,213 5,661 86 78,034
Teachers 247 635.8 1,268 17.20 12,654
Students 254 9,648 20,903 221 251,213
Students/Teachers 254 15.16 2.112 9.600 22.20
GP Rev per capita (000s) 254 1.946 1.302 0.302 6.764
SD Rev per capita (000s) 254 1.898 0.869 0 5.298
IRS exemptions (000s) 254 57.47 137.2 1.862 1,673
IRS Returns (000s) 254 28.74 71.68 0.857 873.5
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A.2 Data Appendix

This section describes the data sources and cleaning in more detail.

A.2.1 Energy Market Data

Electricity market data comes from the EPA’s Continuous Emissions Monitoring Sys-

tems data. This contains hourly gross generation and emissions data for many of the fossil

fuel power plants in the US. I downloaded these data directly from the EPA’s FTP site.

Data on the supply side of the coal market comes from the Mine Safety and Health

Administration (MSHA) and EIA Form 7A, which includes production in short tons and

average employment for mines across the US. Demand side data on the coal market is

derived from a combination of EIA (joint with FERC) 423 and EIA 923 data.

Combining the demand and supply side of the coal market, fuel prices are taken from

the EIA’s State Energy Data System (SEDS).

A.2.2 Outcomes

Wages, employment, unemployment, and labor force participation all come from

the BLS. I corroborated income effects with data from the BEA and IRS, but ultimately cut

those estimates from the paper.

Public finance data comes from the Census of Governments which I obtain from the

Government Finance Database (https://willamette.edu/mba/research-impact/public-datasets/index.html)

Population data comes from various US Census datasets, most importantly the Inter-

censal population estimates (both total and broken down by age and sex). Inmigration
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and outmigration are obtained from the IRS’s county-to-county migration files, which

they infer from changes in tax filings.

Median home values, rents, and educational attainment at the county level are de-

rived from the American Community Survey (ACS) and collected via IPUMS NHGIS. To

build the long differences, I use the decennial census in 2000 as an estimate of t1 = 2002,

and other values are inferred using the 5-year files (2005-2009, 2009-2013, 2014-2018). I

considered other outcomes from this Census/ACS combination, but ultimately ruled them

out because they did not appear to harmonize well.

Crime rates come from the FBI’s Uniform Crime Reporting Data and student and

teacher counts come from the National Center for Education Statistics.

A.2.3 Other (including controls)

Oil and gas production value come from Enverus (formerly DrillingInfo) through a

subscription. These data provide gas and oil production at the well level for most areas

of the country, which I aggregated up to the county-year level and valued using the West

Texas Intermediate (WTI) and Henry Hub prices available from the EIA.
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Appendix B: Appendices for Chapter 2

Table B.1: Effect of CCTV Cameras Prior to the Installation of the Cameras (Pre-Trends)

(1) (2) (3) (4) (5) (6)
Effect of CCTV cameras on Officers Ticketing Behavior

Panel A: LPM
(Mean Intensity)*Post -0.011 -0.030 -0.031 -0.015 -0.026 -0.010

(0.142) (0.132) (0.125) (0.122) (0.126) (0.123)
Observations 9,820 9,820 9,820 9,820 9,820 9,820
Panel B: Poisson Model
(Mean Intensity)*Post -0.289 -0.150 -0.188 -0.139 -0.089 -0.083

(0.409) (0.399) (0.386) (0.377) (0.370) (0.378)
Observations 9,820 9,820 9,820 9,820 9,820 9,820
Panel C: Linear Regression
(Mean Intensity)*Post -0.817 -0.233 -0.385 -0.218 -0.016 0.042

(1.696) (1.540) (1.480) (1.487) (1.444) (1.403)
Observations 9,820 9,820 9,820 9,820 9,820 9,820

Effect of Non-functional CCTV cameras on Drivers
Panel D: LPM
(Non-Functioning Camera)*Post 0.037 0.022 0.011 0.009 0.015 0.016

(0.084) (0.102) (0.100) (0.093) (0.097) (0.097)
Observations 6,383 6,383 6,383 6,383 6,383 6,383
Panel E: Poisson Model
(Non-Functioning Camera)*Post -0.006 -0.026 -0.111 -0.066 -0.034 -0.039

(0.539) (0.739) (0.712) (0.683) (0.713) (0.666)
Observations 6,383 6,383 6,383 6,383 6,383 6,383
Panel F: Linear Regression
(Non-Functioning Camera)*Post 0.354 -0.044 -0.138 -0.135 -0.186 -0.266

(0.572) (0.688) (0.575) (0.608) (0.660) (0.620)
Observations 6,383 6,383 6,383 6,383 6,383 6,383
Months before actual Post 2 4 6 8 10 12

Note: The unit of observation is the CCTV location by date, using only daytime observations. The
camera variable in panels D-F takes a value of one for non-functioning CCTV cameras, defined as
locations where the cameras function less than 10% of the time, and a value of zero for locations
without CCTV cameras. This table uses only data prior to installation of the cameras. All regres-
sions include controls as described in equation 2.2, and report block boostrapped standard errors
clustered at the CCTV location level. LPM = Linear Probability Model.
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Appendix C: Appendices for Chapter 3

C.1 Donor Pool

Table C.1: Donor Pool for Australia

(1) (2) (3)
Kuwait South Korea Jamaica
United States Taiwan Algeria
Canada Hong Kong Lebanon
Australia Venezuela Turkey
Saudi Arabia Mongolia China
Trinidad and Tobago Iraq Botswana
Oman Iran Tunisia
Singapore Malaysia Thailand
Libya Jordan Ecuador
South Africa Argentina Angola
Israel and Palestine, State of Cuba Egypt
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C.2 Alternate Placebo-in-time

Figure C.1: Placebo-in-time (2000)

Figure C.2: Placebo-in-time (1996)
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C.3 Alternate Permutation Gaps Plots

Figure C.3: Placebo-in-space Plot (MSPE ratio threshold: 20)

Figure C.4: Placebo-in-space Plot (MSPE ratio threshold: 2)
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C.4 Alternate Permutation Distributions

Figure C.5: Placebo-in-space Distribution (MSPE ratio threshold: 20)

Figure C.6: Placebo-in-space Distribution (MSPE ratio threshold: 2)
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C.5 More Detail on Mechanisms

Figure C.7: Australia’s Energy Consumption by Source

Figure C.8: Australia’s Electricity Generation
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