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Abstract

This paper studies pollution abatement decisions by electric utilities, in order to understand

how the design of environmental policy shapes the incentives for technique choice. I show that

the technique choices made by power plants regulated by a tradeable permits system were more

sensitive to abatement costs than the choices made by power plants regulated by emissions rate

standards. In contrast, regulatory stringency was the most important determinant of scrubbing

decisions among power plants subject to emissions standards.

A simulation suggests that the scrubbers installed under a counterfactual emissions standard

would have been systematically more costly than the scrubbers that were actually installed under

a tradeable permits system. These results highlight the incentives created by a tradeable permits

regime, which rewards the adoption of low-cost abatement methods while relieving firms from

having to adopt high-cost ones.
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1 Introduction

A central issue in the economic analysis of environmental policy is the optimal choice of pol-

icy instrument. In a static setting (that is, given a fixed distribution of abatement technologies

among firms), market-based instruments such as emissions taxes and tradeable permits can achieve

a given pollution control target at minimum cost. In contrast, prescriptive regulations such as

uniform emissions standards or technology requirements are not cost-effective (Baumol and Oates

1988). Market-based policies provide further advantages over command-and-control instruments in

a dynamic context. By rewarding emissions reductions on the margin, taxes and tradeable permit

systems enhance the incentives for regulated firms to install lower-cost abatement technologies. In

turn, this greater adoption should promote greater technological innovation, relative to prescriptive

standards (Downing and White 1986; Milliman and Prince 1989).

This paper studies pollution abatement decisions by electric utilities, in order to understand

how the design of environmental policy shapes the incentives for technique choice. The heart of the

paper is an empirical analysis of the use of flue-gas desulfurization devices, commonly known as

“scrubbers,” to remove sulfur dioxide (SO2) from the emissions of coal-fired electric power plants.

The primary alternative to scrubbing is burning low-sulfur coal. I use variation in the form of

emissions regulation among electric power plants, along with detailed data on the costs of pollution

abatement, to identify the effect of the policy instrument on the incentives for technique choice.

I show that the technique choices made by units regulated by a tradeable permits regime were

more sensitive to abatement costs than the choices made by units regulated by emissions rate

standards. That is, a given change in the cost of scrubbing or in the cost of burning low-sulfur

coal had a greater effect on the probability of scrubbing for units under the market-based policy.

In contrast, regulatory stringency was the most important determinant of scrubbing decisions

among power plants subject to emissions standards. These findings offer support for the theoretical

prediction that market-based policies provide greater incentives for regulated firms to choose low-

cost abatement techniques.

Using the estimated coefficients from the empirical analysis, I simulate the choices that would

have been made at power plants subject to the tradeable permits regime — first under the actual

policy (as a benchmark for comparison) and then under a counterfactual emissions standard. The

simulation illustrates two important effects of market-based policies. The first is the familiar

abatement incentive effect. A tradeable permits system provides an incentive to reduce emissions
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as long as the cost of doing so is less than the market value of the permits that can be sold as

a result. The second factor might be called the safety-valve effect. Under a tradeable permits

system, units that face high costs of both scrubbing and switching to a low-sulfur coal can simply

buy permits to cover their emissions. Under prescriptive emissions standards, no such safety valve

exists. Some units with high costs of scrubbing but even higher costs of low-sulfur coal would have

been forced to install scrubbers under prescriptive regulation.

Taken together, these two effects imply that the scrubbers installed under the tradeable permits

regime were systematically less expensive than the scrubbers that would have been installed under

an emissions rate standard. An important consequence was lower aggregate abatement costs — not

simply because of more efficient allocation among firms with existing abatement technologies, nor

because of long-run technological innovation, but rather because of the types of abatement tech-

nology that would be chosen under the different policy regimes. This is a “medium-run” rationale

for market-based policies, complementing both static cost-effectiveness and long-run innovation.

Discussions of regulatory design and technological change have typically focused on the long run:

by changing the incentives to install low-cost technologies, the argument goes, market-based poli-

cies will eventually induce greater innovation. The results presented here support the premise of

that argument: the form of regulation shapes technique choice. But the results also demonstrate

how the incentives to install low-cost technologies matter in their own right, even over shorter time

horizons. The systematic selection of lower-cost abatement techniques by individual units is a key

contributor to lower abatement costs at the aggregate level.

This paper is the first empirical analysis of the incentives for polluters to choose lower-cost

abatement techniques, under different environmental policies. A long line of empirical literature

in industrial organization has studied technology adoption,1 focusing on the effects of economic

characteristics such as market structure and firm size (see, e.g., Oster 1982; Hannan and McDowell

1984; Rose and Joskow 1990). Less attention has been devoted to the effects of regulation. In a

study of home insulation, Stavins and Jaffe (1995) show that higher energy prices and lower costs

of insulation both spurred adoption of more efficient insulation; they take their findings as indirect

evidence that energy taxes and in particular adoption subsidies would promote such adoption.

1A distinction between “adoption” and “technique choice” may be useful at the outset. By “technique choice,” I
mean the choice by firms among existing abatement techniques, such as scrubbers. In contrast, “adoption” typically
refers to the diffusion of new innovations. At a formal level, technique choice subsumes adoption, since the set of
feasible techniques includes new innovations as well as old standbys. Thus the incentives that shape technique choice
will also be relevant to adoption.
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Snyder, Miller, and Stavins (2003) find no evidence that various regulations had any impact on

the use of environmentally benign production technologies in the chlorine industry. Popp (2004)

analyzes the adoption by power plants of technologies to reduce NOx emissions, but focuses on the

presence of regulations and on the stock of patents, rather than on the form of regulation. Kerr and

Newell (2003) come closest to the focus of this paper. They study the adoption by oil refineries of

isomerization technology to reduce lead in gasoline, finding that adoption was more likely at large

refineries and at refineries whose existing technology made them better suited for isomerization —

particularly during periods when permit trading was possible.

Several other studies have examined the impact of environmental regulation on innovation rather

than adoption (Bellas 1998; Jaffe and Palmer 1997; Newell, Jaffe, and Stavins 1999; Popp 2001,

2002). A recent paper by Lange and Bellas (2005) finds that scrubbers installed under the 1990

Clean Air Act have lower abatement costs than scrubbers installed under earlier policies. Although

Lange and Bellas frame their paper as a study of induced innovation, it seems better interpreted

as supporting evidence for the effects of the adoption incentives studied here.

Finally, several previous studies have estimated the cost savings from a tradeable permits system

for sulfur dioxide, relative to command-and-control policies (Gollop and Roberts 1983; Carlson et al.

2000; Ellerman et al. 2000; Keohane 2005). This paper complements those studies, but maintains

a very different focus: while those studies address aggregate cost savings, this paper explores one

major source of the cost savings — namely, the incentives created by the tradeable permit system

for the installation of relatively low-cost scrubbers.

The next section develops a simple theoretical model to motivate the subsequent empirical

analysis. The econometric specification and method are discussed in section 3. Section 4 describes

the data. Section 5 presents results, and section 6 concludes.

2 A simple theoretical model of technique choice

The basic theoretical proposition motivating this paper — that market-based policies give firms

greater incentives to choose lower-cost abatement technologies — is easily understood (Downing and

White 1986; Milliman and Prince 1989). Consider a firm deciding whether to install a technology

that will reduce its marginal abatement cost. Under an emissions standard, the firm has no incentive

to abate more than required by the standard. Thus its reward from using the technology (gross

of any capital cost) is simply the reduction in the cost of meeting the standard. In contrast,

3



under a market-based regime, a firm pays for each unit of pollution it emits (either by paying

a tax or by holding an emissions permit). Assuming convexity in abatement costs, such a firm

will abate until the point where its marginal abatement cost equals the price of emissions. For a

low-marginal-cost technology, that point will lie beyond the original standard, assuming that the

standard and the market-based policy are equivalent ex ante. Hence the savings from the lower-

cost technology include not only the cost savings of abatement up to the standard, but also the

difference between what the firm was paying in emissions taxes or permit costs and the cost of

the additional abatement. Moreover, the lower is the marginal abatement cost, the greater are the

additional savings under a market-based instrument.

In this section, I develop a simple version of this model that captures its essence but is better

suited to the data at hand. Consider a firm that produces one unit of output along with pollution

emissions m. Let m0 denote the firm’s emissions in the absence of any regulation. Reducing

emissions below m0 is costly. In particular, suppose that the firm faces a discrete choice set ϕ of

abatement techniques, where each technique j is defined by a pair (mj , cj). Here mj denotes the

emissions from technique j; thus aj ≡ (m0 −mj) is the corresponding abatement. The cost of
technique j is denoted by cj . Note that if both cost and emissions are lower for technique j than

for another technique k (i.e., if cj ≤ ck and mj ≤ mk), then technique j is strictly preferable. In

such a case, technique k will never be chosen, and may be eliminated from the choice set ϕ. Thus

without loss of generality, the techniques in ϕ can be ordered from lowest to highest cost, so that

c1 < c2 < ... < cJ , or (equivalently) m1 > m2 > ... > mj . Figure 1 illustrates the model.

Under an emissions standard s, the firm would choose the least expensive technique meeting

the standard: thus its choice rule can be summarized as

min j ∈ ϕ s.t. mj ≤ s.

Hence under prescriptive regulation the emissions levels are sufficient to determine the choice of

technique. In contrast, consider the decision facing a firm governed by a system of tradeable

allowances with price p, which it takes as given. The cost of compliance using technique j is the

sum of abatement cost and the cost of allowance holdings, or cj+pmj . Thus technique k is preferred

to technique j < k if and only if its compliance cost is lower — that is, iff

ck + pmk < cj + pmj . (1)
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Note that the choice of technique in this model is equivalent to the choice of a particular location

(emissions-cost pair) on the “frontier” defined by the envelope of available techniques.2

The key result is that the form of regulation affects the nature of the technique choice. For

a firm subject to a tradeable permits regime, the decision whether to scrub will depend on the

relative costs of scrubbing and switching — even conditional on scrubbing being more expensive. A

firm will adopt a technique with higher abatement costs than another, as long as the corresponding

increase in abatement is sufficiently great that the total compliance cost will go down. For a firm

subject to prescriptive regulation, on the other hand, the scrubbing decision hinges only on the

stringency of the emissions standard.

In the empirical application, what is observed is whether or not an individual generating unit

at a power plant installs a scrubber. Thus I reduce the choice among a set of techniques to a choice

between scrubbing and burning low-sulfur coal. Indeed, one could view this as the final choice in a

nested decision model, where the “scrubbing versus switching” choice analyzed here compares the

best available scrubber (operated at the optimal level) with the best available low-sulfur coal.

Emissions standards for electric power plants are typically specified in terms of the emissions

rate per unit of heat input (measured in millions of British thermal units, or mmBtu); costs (of fuel,

for example) are often expressed similarly. Accordingly, let cD denote the cost of scrubbing in cents

per mmBtu, where the subscript indicates flue gasDesulfurization; letmD denote the emissions rate

from scrubbing, in pounds of SO2 per mmBtu. (In the econometric analysis, cost and emissions will

vary among generating units, but for ease of exposition here, we consider a single unit.) Similarly,

denote the cost of low-sulfur coal as cL, with mL denoting the corresponding emissions rate. In line

with actual conditions, we assume that low-sulfur coal is the cheaper but less effective abatement

method, so that cL < cD and mL > mD. Finally, let the emissions rate standard be denoted by

s > mD. The decision rules under the two regulatory regimes are therefore

standard : scrub if mL < s; (2)

allowance market : scrub if cD + pmD < cL + pmL. (3)

2This simple discrete-choice model has a familiar limiting result. First, note that the compliance cost inequality

(1) can be rearranged as
³
ck−cj
ak−aj

´
< p. Suppose that

³
ck−c(k−1)
ak−a(k−1)

´
<
³
c(k+1)−ck
a(k+1)−ak

´
for all k (equivalent to a convexity

assumption on the envelope of available techniques). Then the optimal choice of technique will be the largest value of

k satisfying
³
ck−c(k−1)
ak−a(k−1)

´
< p. In the limit as the number of techniques becomes infinite and the differences between

them vanish,
¡
a(k+1) − ak

¢ → 0, implying that
³
ck−c(k−1)
ak−a(k−1)

´
becomes marginal abatement cost. Moreover, in the

limit
³
ck−c(k−1)
ak−a(k−1)

´
= p will hold with equality at the optimal choice of k.
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Hence, given that cL < cD, relative abatement cost still affects the choice of abatement technique

under the market-based instrument, but not under the emissions standard.

The use of fixed-coefficient techniques in this simple model is of no great importance; the same

conclusions would be drawn from a model that allowed for convex abatement cost functions for

individual techniques. In this case, the relevant choice set ϕ would encompass the set of (emissions,

cost) pairs located on the lower envelope of the abatement cost functions. By construction, the

relationship between emissions and cost would be monotonic within that choice set, and thus the

same reasoning could be applied to that expanded set.

Rather, the fundamental assumption here is that the set of available techniques can be ordered

according to cost. Once the ordering is established, cost plays no further role in determining the

choice of technique under an emissions standard, but it remains relevant under a market-based

policy. As it turns out, this ordering assumption is reasonable in the empirical analysis, where the

cost of low-sulfur coal is less than the cost of scrubbing for the overwhelming majority of units

(nearly 95%). Of course, to the extent that scrubbing is less expensive than low-sulfur coal at some

units, cost will play a role in determining technique choice even at the units regulated by emissions

standards. Thus the focus in the empirical analysis will be on the relative importance of cost in

technique choice under the two policy regimes.

Finally, note that the model assumes that the managers of electric power plants seek to minimize

abatement costs. Electric utilities are regulated by public utility commissions, and a long line of

literature has argued that traditional rate-of-return regulation will dampen incentives to minimize

costs.3 If managers do not seek to minimize costs, then abatement cost should not matter for the

scrubbing decision, regardless of the form of emissions regulation. In the empirical analysis below,

however, we find strong evidence that cost does matter — suggesting that some incentives for cost

minimization are present.4

3For a recent study of the effects of incentive regulation on the behavior of electric utilities, see Knittel (2002).
4Distinguishing among utilties according to ownership type (investor-owned, state-owned, etc.) could help to

account for differences in regulation of electric utilities. Including ownership class in the empirical analysis, however,
makes no difference to the results.
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3 Empirical methodology

3.1 Regulatory context

In the late 1980s, growing concern over acid rain (to which SO2 emissions are a major contributor)

led Congress to consider imposing regulations on power plants built before 1971, which had been

“grandfathered” out of earlier federal regulations in 1970 and 1977.5 The result was the allowance

trading program created by Title IV of the 1990 Clean Air Act Amendments. Phase I of the program

lasted from 1995 to 1999. It applied directly to the 263 largest, dirtiest existing generating units,

listed on Table A of the legislation. Phase II of the program started in 2000 and extended the

allowance market to every fossil-fired power plant greater than 25 MW in generating capacity.

Alongside this federal regulatory structure exists a patchwork of emissions standards imposed

by state governments, who must comply with federal National Ambient Air Quality Standards

(NAAQS). Since power plants are a prominent source of air pollution, they are natural targets

of state regulation. These state-level regulations are always prescriptive in nature, and typically

specify maximum allowable emissions rates.6 Importantly for the purposes of this paper, units

listed on Table A remained subject to state-level emissions standards, although the standards on

non-Table A units were generally more stringent. For ease of discussion, I shall refer to non-Table

A units as “state-regulated units,” but the fact that Table A units were also subject to state-level

emissions standards should be kept in mind. Both the allowance market and state regulations apply

at the level of the generating unit — i.e., an individual electric turbine, powered by steam produced

by an associated boiler burning coal or another fuel. A typical power plant will have more than

one unit — usually two or three and sometimes a half-dozen or more, often built at different times

and thus subject to regulations of different form and stringency.

This paper compares scrubbing costs and choices at Table A units and state-regulated units.7

5Two waves of federal regulation applied to newly built generating units: the 1970 Clean Air Act Amendments
(CAAA) (imposing a uniform emissions standard on units built after 1971) and the 1977 CAAA (requiring that units
built after 1978 were required to meet the prior standard by installing a scrubber). These units are called “NSPS”
units, evoking the new source performance standards they were regulated by.

6Eighty percent of the units in the data are subject to state-level emissions rate standards. The remaining units
face emissions standards in pounds SO2 per hour, or restrictions on the sulfur content of coal — both forms of standards
that are easily converted to the equivalent emissions rate requirement.

7Under the “substitution and compensation” provision of Title IV, utilities that owned Table A units were allowed
voluntarily to enroll other generating units in the allowance market during Phase I. This opt-in provision invited
adverse selection: units that chose to enroll would almost certainly have reduced their emissions anyway (Montero
1999). Moreover, no new scrubbers were installed at units that opted into the program. Accordingly, in this analysis
I focus on the Table A units —which were required to participate — as the units covered by the market-based regime.
Units that voluntarily enrolled in Phase I are grouped in with other state-regulated units.
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An advantage of comparing Table A units with state-regulated units (rather than units governed

by federal new-source performance standards) is that the scrubbing decisions partially overlap in

time. Nearly thirty percent of the scrubbers installed at state-regulated units began operating in

the 1990s. (All of the Table A scrubbers, of course, began operation in the mid-1990s.)

By definition, all of the Table A generating units were built decades before the allowance market

took effect. Similarly, nearly all boilers regulated at the state level were built before the passage of

air pollution laws. For all these units, therefore, scrubbers had to be retrofitted onto the existing

boilers. Retrofitting a unit is more costly than building the scrubber in conjunction with the boiler.

Moreover, the decision whether to retrofit an old boiler is likely to differ in fundamental ways from

the decision whether to build a scrubber at a newly constructed unit. Hence I restrict attention

to retrofitted units only. I deliberately exclude generating units that were built after 1971, which

were covered by federal Clean Air Act regulations on new sources. A handful of state-regulated

plants were required to install scrubbers; these are also excluded from the analysis.

3.2 Determinants of scrubbing cost and technique choice

3.2.1 Choice equation

In the model of section 2, the decision whether to install a scrubber depends on the relative costs of

scrubbing and switching under a tradeable permits regime, but only on the stringency of regulation

in the case of a prescriptive standard. The goal of this section is to use that theoretical prediction

to derive an equation that can be taken to the data. Two difficulties arise. First, scrubbing costs

are observed only for units that actually scrub. Hence scrubbing costs must be estimated for other

units, in a way that takes into account the obvious source of selection bias. Second, even for units

with scrubbers, total cost and abatement (and hence average cost) are known, but the data are

insufficient to identify marginal cost for each unit. Thus I derive an empirical model in terms of

average scrubbing and switching costs.

The starting point for the empirical choice equation is a simple comparison of average costs

in logarithmic form: unit i is more likely to install a scrubber when ln
³
cDi
aDi

´
< ln

³
cLi
aLi

´
. While

this does not perfectly reproduce the theoretical condition (3), the simple comparison of averages

turns out to be a reasonable approximation. To see this, let λDi and λLi denote the fractions

of emissions abated by scrubbing and coal-switching, respectively; thus aDi = λDim0i and aLi =
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λLim0i. Dividing equation both sides of equation (3) by aDi and rearranging yieldsµ
cDi
aDi

¶
≤
µ
cLi
aLi

¶·
1 +

µ
p− cLi
cLi

¶µ
λDi − λLi

λDi

¶¸
. (4)

The first two terms are average scrubbing and switching costs. The second term inside the brackets,³
p−cLi
cLi

´³
λDi−λLi

λDi

´
, is close to zero.8 Hence by a Taylor approximation, the natural logarithm of

the right-hand side of equation (4) can be approximated by ln
n³

cLi
aLi

´ h
1 +

³
p−cLi
cLi

´³
λDi−λLi

λDi

´io
≈

ln
³
cLi
aLi

´
+
³
p−cLi
cLi

´³
λDi−λLi

λDi

´
. Indeed, the term

³
λDi−λLi

λDi

´
is small enough in magnitude that

the decision to include or exclude it makes no difference in the eventual estimation results. For

simplicity, and because it cannot be estimated for units without scrubbers, I drop it from the

estimating equation.

The theoretical model above predicts that relative costs should play a larger role in determining

scrubbing under the market-based regime. Thus I identify the effects of scrubbing and switching

costs separately for each regime, by interacting costs with a dummy variable for the tradeable

permits regime (TableA). Moreover, because allowances are nearly a perfect substitute for abating

by switching to low-sulfur coal, units under a tradeable permits regime ought to switch only when

doing so is less expensive than the price of an allowance. Accordingly, at Table A units I distinguish

between low and high switching costs, depending on whether the cost of coal-switching is less or

greater than $200 per ton of SO2. (This cutoff equals the median coal-switching cost for Table A

units in the data; it also lies in the range of actual allowance prices during Phase I.) I include the

applicable emissions standard, interacted with regime, to capture regulatory stringency.9 Finally,

I also include a range of control variables, described below.

Let Scrubberi = {0, 1} indicate the scrubbing decision. Similarly, write ScrubCosti for av-
erage scrubbing cost (≡ cDi

aDi
), and LowSCosti for average coal-switching cost (≡ cLi

aLi
) (with

LowLowSCost and HighLowSCost corresponding to low and high switching costs). The resulting

8In particular,
³
p−cLi
cLi

´³
λDi−λLi

λDi

´
has a mean of −0.02 in the data, using the average allowance price during

Phase I of $135. This is to be expected, given what the component terms represent. The numerator of the first

term,
³
p−cLi
cLi

´
, is the difference between allowance price and the average cost of coal-switching; these are be close to

each other, because the average cost of switching to low-sulfur coal is essentially equal to its marginal cost, and the
marginal unit of abatement during Phase I was achieved by switching. And while scrubbing removes 90% or more of
the flue gases, many sources of low-sulfur coal achieve abatement rates of 75% or higher.

9Including the emissions standard directly allows for the possibilities that my estimates of unit-level unconstrained
sulfur contents are imperfect (so that a simple dummy variable for binding or nonbinding regulation would be
imprecise), and that there may be unobservable incentives to overcomply with prescriptive regulations.
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choice equation for unit i can be written as

Pr (Scrubberi = 1)

=

Pr



θ1 ln (ScrubCosti) + θ2 ln (ScrubCosti)× TableAi+
α1 ln (LowSCosti) + α2 ln (LowLowSCosti)× TableAi+

α3 ln (HighLowSCosti)× TableAi+
ω1 ln (EmissionsStdi) + ω2 ln (EmissionsStdi)× TableAi + ziγ − ξi ≥ 0


, (5)

where zi is the vector of control variables, and ξi is a mean-zero disturbance term capturing

idiosyncractic and unobservable effects on the scrubbing decision.

The left-hand side of the inequality in condition (5) can be interpreted roughly as the net gain

from installing a scrubber, where “net gain” takes into account the costs of scrubbing; the costs of

low-sulfur coal; the applicable regulatory standard; and a range of other factors included in z. The

parameters in θ measure the effects of scrubbing cost on the latent net gains from scrubbing, with

θ1 corresponding to the effect for state-regulated units and (θ1 + θ2) corresponding to the effect

for Table A units. The key predictions from theory are that (θ1 + θ2) < 0 and θ2 < 0: higher

scrubbing cost will make scrubbing less likely, and the effect will be greater in magnitude under

the market-based regime.

Meanwhile, α corresponds to the effects of the costs of switching to low-sulfur coal. A positive

value for α implies that scrubbing is more likely at units with relatively expensive low-sulfur coal.

Note that α1 measures the effect at state-regulated units; (α1 + α2) measures the effect at Table A

units with relatively cheap low-sulfur coal; and (α1 + α3) measures the effect at Table A units with

more expensive low-sulfur coal. As with scrubbing costs, the effect of the cost of coal-switching

should be greater under the allowance market, especially at units with relatively cheap low-sulfur

coal: hence one expects α2 > α3 > 0.

Regulatory standards are expressed as allowable emissions rates, so that higher values represent

laxer standards. Thus one expects ω1 < 0. Although Table A units are also subject to state-

imposed emissions standards, these tend to be less binding than those for non-Table A units, and

thus might matter less for the scrubbing decision (thus ω2 > 0).

A range of other variables, included in the vector z, are also likely to help determine the net gains

from scrubbing. Several measures of the availability of low-sulfur coal are included to supplement
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the cost of switching. ZeroLowSCost indicates a zero estimated price premium for low-sulfur coal.

Importantly, low-sulfur coal is defined relative to the unit’s cheapest available coal — implying that

a zero low-sulfur coal premium is equivalent to the absence of any lower-sulfur coal. (Thus the sign

on the corresponding coefficient is ambiguous.) AlreadyLowS is a dummy variable that equals one

for units that were already burning low-sulfur coal at the time of the scrubbing decision. Such

units would presumably be less likely to install a scrubber. FiveY rSO2Cont is a forecast by the

unit manager of the sulfur content of coal in five years’ time; this should be correlated with the

attractiveness of high-sulfur coal. PctLongTermCtrt measures the amount of coal under long-

term contract at the time of the scrubbing decision, as a percent of current consumption; a greater

percentage indicates a lesser ability to switch coals. Minemouth equals one for plants located

adjacent to a coal mine; such plants typically have less flexibility in their choice of coal, due to

long-term contracts or to the lack of transportation options such as rail or barge service.

StringentReg equals one for units with especially stringent emissions standards (below 1.2

lbs/mmBtu). StatuteBias is a dummy variable that equals one for plants located in a few states

with high-sulfur coal reserves that, in the wake of the 1990 Clean Air Act, enacted legislation meant

to promote the use of scrubbers.10 UtilSize is the total nameplate capacity among power plants

owned by the same parent utility. For state-regulated units, this allows for the possibility that larger

utilities are more or less prone to make large capital investment decisions in pollution abatement.

For Table A units, the utility size had additional significance, since the transactions costs of trading

allowances among commonly owned units may well have been less (especially in expectation) than

trading allowances among units owned by different utilities. Indeed, during Phase I of the Title

IV program, intrautility trades made up the nearly two-thirds of the total volume of allowance

transfers (and accounted for nearly 80% in the first three years of trading).11 LargeP lant captures

size effects at the plant level: it is a dummy variable for plants as large or larger than the median

plant size (four units). LargeTableAPlant is a similar measure, but counts only the Table A units

at the plant. Finally, TableA is a dummy variable for inclusion on Table A of Title IV — i.e., the

units governed by the tradeable permits regime.

I model the scrubbing decision as occurring in advance of the year in which the scrubber first

10This variable equals one for plants located in Illinois, Indiana, Kentucky, Ohio, Pennsylvania, and West Virginia.
See Lile and Burtraw (1998).
11Allowance market activity data is available on the EPA’s website at

http://www.epa.gov/airmarkets/trading/so2market/transtable.html
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operated (or would have operated).12 The first year of operation for Table A scrubbers was typically

1995, the year the allowance market began. For state-regulated units, I use the year in which state-

level emissions regulations were tightened (if such a year exists), or else the vintage year of the

scrubber. Emissions standards, expected sulfur content, and utility characteristics are measured as

of the chosen decision point. Long-term contracts are measured as of five years before the decision

point (to capture the contracts that would have already been in place before managers had time to

adjust to new regulations). The costs of scrubbing and coal-switching are computed over the first

five years of scrubber operation.

Because all the units in this dataset were “retrofitting” scrubbers onto existing plants, they had

the option to delay investment in a scrubber — giving rise to the potential for option value (since

installing a scrubber is essentially an irreversible investment).13 Because there was considerable

uncertainty surrounding the workings of the market for tradeable permits, this option value might

have been particularly pertinent to Table A units. If data were available on the levels of uncertainty

that individual units had about future permit prices and coal prices, one could estimate the option

value of waiting for each unit. In the absence of such data, the option value cannot be estimated

directly. However, it will still be swept up into the dummy variable for Table A units that is

included in the choice equation.14

3.2.2 Cost equation

The dependent variable in the cost equation is the average cost of scrubbing (in dollars per ton

of SO2 abated), calculated over the first five years of scrubber operation. I model it as a log-log

12Adoption studies commonly employ hazard models (for recent examples in the environmental economics literature,
see Kerr and Newell (2003) and Popp (2004)) Such models, however, are pooly suited to cases (such as the present
one) in which regulations came into effect at a particular point in time — for example, 1995 in the case of Title IV.
To model the scrubbing decision for Title IV as potentially occurring any time between 1985 and 1999, say, would
be to ignore the fundamental role of regulation in forcing utilities to abate pollution. It would also misrepresent the
actual choice these units faced, namely: Should they install a scrubber under the new regime, or not?
13At least one bit of anecdotal evidence suggests that the decision to install a scrubber decision is not perfectly

irreversible. In 1991, the Illinois Power Co. began building scrubbers at three Table A units at its Baldwin plant —
only to halt construction the following year, deciding to buy allowances instead (Ellerman et al. 2000, p. 244).
14A simple model of a Title IV unit’s decision would show that the option value would enter into the comparison

of average compliance costs multiplicatively, as a fraction κ < 1, say, on the anticipated costs of coal-switching.
Letting Ai denote firm i’s compliance costs of scrubbing and Bi its costs of switching, the condition for installing a
scrubber taking option value into account would become Ai ≤ κiBi.Without information on the price expectations
of individual units, only an “average” parameter κ can be estimated. Given the log-log specification used here, κ will
be incorporated into the coefficient on the dummy variable for Table A units.
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function of several variables:

lnScrubCosti = xiβ + εi, (6)

where xi =



ln (HeatInputi) , ln (CapFactori) , ln (SO2Conti) , ln (V intagei) ,

ln (SO2Conti)× ln (V intagei) , ln (SO2Conti)× ln (NameCapi) ,
ShareStki, ShareStki × ln (StkNmCapi) , ShareStki × ln (StkHeati) ,
Wetbottomi, NorthAtlantici


.

The first three regressors are operating characteristics: annual heat input; the “capacity factor” or

percent utilization of the unit; and the sulfur content of the coal used. For Table A units, I use

heat input and utilization factors from the year 1990, because those operating characteristics may

be endogenous to the scrubbing decision. During Phase I, units that installed scrubbers typically

had lower variable costs (inclusive of abatement costs) than units that bought lower-sulfur coal,

and as a result were utilized more (Ellerman et al., 2000).

The cost equation also accounts for the vintage of the scrubber, measured in years after 1968.

Interacting sulfur content with vintage allows for differences in the changes in scrubbing costs over

time. The interaction with the generating (or “nameplate”) capacity of the unit allows for scale

effects. Because some units share a stack in common with other boilers at the same plant, a

dummy variable for units that share a stack is included, along with measures of total generating

capacity and heat consumption on the common stack. A dummy variable for “wet-bottom” boilers

controls for variations in boiler type. Finally, anecdotal evidence suggests that construction and

even operating costs are higher in the North Atlantic region than in other areas.15 The disturbance

term εi captures unobservable unit-specific elements of the scrubbing cost.

As discussed in the next section, the estimated parameters from equation (8) are used to com-

pute predicted scrubbing costs for units without scrubbers. Data on all the explanatory variables in

the cost equation are available for units without scrubbers, with two exceptions: sulfur content and

vintage year. Units that did not install scrubbers typically burned coal with lower sulfur content

than they would have in the absence of regulation. Thus in generating these predictions, I use an

estimate of unconstrained rather than actual sulfur content, based on observations of units with lax

regulations and on the estimated prices of various kinds of coal (described in section 4.2 below).

15The North Atlantic region is defined as comprising CT, DE, MA, MD, NH, NJ, NY, PA, VA, and WV. (No units
in the data are located in ME, RI, or VT.)

13



The vintage year for units without scrubbers is taken to be 1995 for Table A units and 1981 (the

mean vintage of scrubbed state-regulated units) for state-regulated units.

3.3 Econometric method

The costs of scrubbing are only observed for units that chose to install a scrubber. Moreover, those

observations are not random: the units with scrubbers are likely to have had lower scrubbing costs,

relative to their costs of low-sulfur coal, than units without scrubbers. This is a classic instance of

selectivity bias (Heckman 1974). What differentiates this model from the classic Heckman model is

that the primary interest here is not in the determinants of the censored variable (as in the classic

model of women’s wages) but rather in how the censored variable affects choices.

Thus the econometric model used here has two stages. In the first stage, scrubbing costs are

estimated with a maximum-likelihood Heckman model (Heckman 1974). This approach controls

for potential selection bias by estimating a model of scrubber choice simultaneously with scrubber

costs, thereby providing consistent estimates of what scrubber costs would have been at units that

did not install them. In the second stage, these predicted scrubbing costs are entered into a probit

model of the scrubbing decision, along with predicted price premia for low-sulfur coal and the other

explanatory variables discussed above.

The first-stage model can be written concisely as follows:

cost equation: lnScrubCosti = xiβ + εi

selection equation : Scrubberi = 1⇔ ui ≤ wiδ.

The right-hand side of the selection equation captures the cost savings from scrubbing. The vec-

tor wi includes the determinants of scrubbing cost in xi; the cost of low-sulfur coal; emissions

standards; and the other choice variables in zi. The “primitive” disturbances εi (from the cost

equation) and ξi (from the choice equation) are assumed to have a bivariate normal distribution

with zero means and variances σ2 and 1, respectively. (The assumption that ξ has unit variance

is a convenient normalization, as will be apparent below.) Their correlation is left unspecified.

These distributional assumptions imply that εi and ui are also distributed as bivariate normal,

with (ε, u) ˜N
£
0, 0,σ2ε,σ

2
u, ρ
¤
. Note that ρ > 0 by construction.
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The expected cost of scrubbing, conditional on observing a scrubber, is thus

E (lnScrubCosti|Scrubberi = 1) = xiβ +E (εi|ui ≤ wiδ)

= xiβ−ρσε
φ
³
wiδ
σu

´
Φ
³
wiδ
σu

´ , (7)

where φ(·) and Φ(·) denote the density and cumulative distribution function, respectively, for
the standard normal distribution.16 The second term on the right-hand side is the source of the

selectivity bias that would result from estimating equation (7) by ordinary least squares. Because

ρ > 0, installed scrubbers have systematically lower costs than would be expected on the basis of

their observable characteristics.

The likelihood function for the first stage is

L1(β, δ,σε,σu, ρ) =
Y
i

·µZ wiδ

−∞
fu|ε (ui|εi)dui

¶
fε(εi)

¸Scrubberi
× [1− Fu(wiδ)]1−Scrubberi ,

where εi = lnScrubCosti−xiβ. The conditional distribution of ui given εi is N
h

ρ
σε
εi,σ

2
u

¡
1− ρ2

¢i
.

Hence the loglikelihood is

L1 =
X
1

ln

"
Φ

Ã
wiδ − (lnScrubCosti − xiβ)ρ/σε

σu
p
1− ρ2

!
− 1
2
ln(2πσ2ε)−

1

2

µ
lnScrubCosti − xiβ

σε

¶2#

+
X
0

ln

·
1− Φ

µ
wiδ

σu

¶¸
, (8)

where the subscripts on the summations refer to units with or without a scrubber. I estimate

equation (8) by maximum likelihood. Because σu cannot be independently identified, δ and ρ can

be estimated only up to a scalar transformation. With a slight abuse of notation, I refer below to

estimates of δ and ρ, although strictly speaking these are estimates of δ
σu
and ρ

σu
.17

In the second stage, I estimate the choice equation (5), using scrubbing cost estimates from the

first stage. This second-stage log-likelihood function is:

16The discussion of the Heckman model follows the treatment in Maddala (1983).
17The usual approach is to assume that u has unit variance; but in this case, that would impose additional

assumptions on θ,σε, and the correlation between ε and ξ (since we are already normalizing σξ to be 1). Estimating
δ and ρ up to a scalar parameter obviously does not affect any qualitative results.
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lnL2 =
X
1

lnΦi +
X
0

ln (1− Φi) , (9)

where

Φi = Φ


θ1 ln (ScrubCosti) + θ2 ln (ScrubCosti)× TableAi+

α1 ln (LowSCosti) + α2 ln (LowLowSCosti)× TableAi
+α3 ln (HighLowSCosti)× TableAi+

ω1 ln (EmissionsStdi) + ω2 ln (EmissionsStdi)× TableAi + ziγ

 ,

and where ln (ScrubCosti) is the logarithm of actual average scrubbing cost for units with scrubbers,

and is the predicted log cost for units without scrubbers. Predicted log costs are computed by

substituting the estimated parameters
³
β̂, δ̂,ρ̂, σ̂ε

´
into equation (7).18 Equation (9) is estimated

by maximum likelihood (probit). Standard errors are corrected for the fact that the regressors

include predicted values of cost for units without scrubbers, using appropriate modifications of the

formulae proposed by Murphy and Topel (1985), as described in Appendix B.19

4 Data

4.1 Power plant operation and scrubbing cost

Data on power plant performance and operation come from Form EIA-767, an annual survey of

electric power plants administered by the Energy Information Administration of the Department of

Energy. The survey provides data on unit-level operation, including the costs, design specifications,

and operating performance of scrubbers; the amounts and characteristics of coal burned; long-term

coal contracts; and applicable state and federal emissions regulations. Data on sulfur content, heat

content, and coal consumption, along with data on the operating hours and efficiency of scrubbers,

18The conditional expectations are used in order fully to incorporate the information contained in the observed
scrubbing decision. When the unconditional scrubbing cost xβ̂ is used in estimating equation (9) instead, the
qualitative results are unchanged. In particular, the estimated effects of cost (the estimated θ) are slightly attenuated,
but θ2 remains positive and significantly different from both zero and from θ1, at the 1% level.
19Although the low-sulfur coal premia are also estimated, I ignore that fact in correcting the standard errors. From

a practical point of view, taking that into account would complicate estimation greatly, because the coal prices are
estimated in several separate regressions. Moreover, one might imagine that power plant managers base their decisions
on estimates of low-sulfur coal prices using prevailing coal prices at nearby plants with similar characteristics. In that
case, my estimates of switching costs may be very good proxies for the information actually available to managers,
making the measurement error problem moot.
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are used to estimate sulfur dioxide emissions and abatement.20 Capital costs are annualized at a

rate of 11.33%, following Ellerman et al. (2000). All costs, including capital and operating costs

for scrubbers, have been converted to constant 1995 dollars.21 The dataset spans the years 1985

(the first year that EIA-767 data are available) to 1999, the last year of Phase I of the tradeable

permits program.22

4.2 The costs of low-sulfur coal

The cost of abating SO2 by coal-switching depends on the relative prices of low-sulfur and high-

sulfur coal. Because transportation costs make up a large fraction of the price of delivered coal, the

effective premium for low-sulfur coal will be lower for those plants that are closer to low-sulfur coal

deposits. Figure 2 presents a map of the coal regions in the United States, along with summary

statistics of heat and sulfur content in the three major coal regions. Power plants typically do

not simultaneously buy coals from different regions — for example, high-sulfur Illinois Basin coal

and low-sulfur coal from the Powder River Basin in Wyoming. Hence I estimate price premia

econometrically. Using a detailed dataset on coal shipments and power plants for the years 1972-

1999, I estimate prices for coal from a range of coal districts, as a function of distance, form of

transportation, and coal quality. From these estimated prices, along with observed purchases, I

identify for each unit a “cheapest coal,” representing what the unit would burn if unconstrained by

regulation; and a “low-sulfur coal,” defined as coal with sulfur content below 1.2 lbs SO2 per million

Btus (i.e., low-sulfur coal from Central Appalachia, Colorado, and the Powder River Basin). These

estimated prices may vary among units at the same power plant, because they depend on unit-

specific regulations as well as on the timing of each unit’s technique choice. Appendix C describes

20Emissions estimates at the unit level were computed on a mass-balance basis. I employed the estimation formulae
used by the Energy Information Administration, taking into account the design of the boiler and the sulfur content of
the coal used; for scrubbed units, I incorporated information on hours of scrubber operation and removal efficiency.
The mass-balance calculations were used because the data include a range of units that began operation well before
the advent of Continuous Emissions Monitoring Systems (CEMS), in place since 1996, which measure emissions in
real time. For the years available, however, my computed emissions estimated agree very well with these data. At
the unit level, the correlation between the emissions measures is 0.97.
21Capital costs were deflated using the Handy-Whitman public utility construction cost index (U. S. Census Bureau,

1972-1999). Scrubber operating costs (and all other costs, such as coal costs) were deflated using the “Intermediate
materials, supplies, and components” producer price index compiled by the Bureau of Labor Statistics.
22The lack of data before 1985, while not ideal, does not present too great a problem. Several of the variables in the

cost and choice equations, such as vintage, boiler type, plant size, and location, do not vary over time. The EIA-767
data have been supplemented with state environmental statutes to help determine emissions regulations. The costs
of coal-switching, described in the next subsection, are estimated from another dataset that contains data back to
1972. Scrubbing costs and operating data are estimated for the years 1985-1989; but since the cost equation accounts
for vintage year, there is no obvious source of bias in using these data instead of the first five years that the scrubber
was operated. Finally, AlreadyLowS is set to 1 if the cheapest coal available to the unit is also low in sulfur content.

17



the process in more detail, and presents sample coal price regression equations.23

Price premia are calculated by subtracting the estimated price of the “unconstrained” coal from

the estimated price of the low-sulfur coal. (In some cases — for example, plants in western states

close to low-sulfur coal deposits — low-sulfur coals are also the cheapest coals available, rendering

the price premium zero.) To estimate the costs of coal-switching, I add to these price premia the

estimated costs of converting boilers to burn different kinds of coal.24 Finally, I divide by the

difference in sulfur content between the unit’s unconstrained (cheapest) coal and the lower-sulfur

coal. The resulting estimates of the cost of abating SO2 by switching coals are measured in dollars

per ton of SO2 abated.

Table 1 summarizes these estimated switching costs, by region. The premium for low-sulfur coal

is relatively great in the states along the Atlantic Coast (east of the Appalachians and the inland

river systems) and in the Great Lakes region (which encompasses the high-sulfur coal-producing

states of Illinois, Indiana, and Ohio). Further west, low-sulfur coal is much less expensive relative

to high-sulfur coal.

4.3 Descriptive statistics

The full dataset contains 835 units, of which 68 have scrubbers.25 Twenty of the scrubbed units

are excluded from the first-stage cost estimation.26 Table 2 presents descriptive statistics for the

23Busse and Keohane (2005) estimate the determinants of delivered prices of low-sulfur coal from the Powder River
Basin, focusing on the effect of the Title IV tradeable permits program on the price schedule.
24The capital cost of switching coals depends on the differences in quality between the high- and low-sulfur coals

used. Drawing on surveys performed by Denny Ellerman and his colleagues, I use an estimate of fifty dollars per
kilowatt of capacity ($50/kWe) for conversion to western coal, and ten dollars per kilowatt capacity ($10/kWe) for
conversion to eastern coals, expressed in cents per mmBtus for each unit.
25The units included are coal-fired units for which full cost and operation data are available. There are 263 boiler

units listed on Table A, 28 of which installed scrubbers. Fifteen (none with scrubbers) lacked sufficient data on coal
prices or boiler operation, or were oil- rather than coal-fired. Two additional units were dropped because of special
circumstances surrounding their pollution control decisions. Unit Y1BR at Georgia Power’s Yates Plant installed
a scrubber that was largely funded by the Department of Energy and was run deliberately on low-sulfur (< 1.5
lbs/mmbtus) coal to test the performance of the scrubber on such coal. The full costs were not borne by Georgia
Power and were increased substantially by the nature of the trial project. Meanwhile, unit 3 at the Big Bend Plant
was connected to an existing scrubber (mandated by federal regulation) at an adjacent unit in 1999. Counting this
as unscrubbed during Phase I would not affect the results.
Note also that while 28 units had scrubbers, the total number of scrubbers was only 24, because four scrubbers (at

the Niles, F. B. Culley, Elmer Smith, and Bailly plants) were attached to two units each. The econometric analysis
accounts for these shared scrubbers, as discussed in the next note.
26Six units (four Table A, two state-regulated) failed to report complete data on scrubbing cost; they are included

in the choice estimation, using predicted scrubbing cost (from the first-stage cost estimation), conditional on the
decision to scrub. The results are robust to using the unconditional expectation of cost.
Fourteen other units share a scrubber with another unit; they are excluded from the cost estimation (where the

unit of observation is effectively a scrubber) but are included in the choice estimation (where the unit of observation
is an individual generating unit). The variable ShareStk in the cost equation helps to account for the possibility
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48 scrubbed units used in the cost estimation. (The data for the first-stage selection equation are

nearly identical to the data for the second stage, and hence are not summarized separately.) Table

3 provides descriptive statistics for the second-stage choice analysis.

A comparison of key characteristics of scrubbers by regime hints at the importance of policy

instrument choice. Table 4 presents utilization, abatement, and scrubbing costs by regime. Average

abatement is roughly four times greater at Table A units than at state-regulated units — mainly be-

cause utilization is considerably greater, whether measured in terms of the capacity factor or actual

heat input. Average total scrubbing costs are much lower at Table A units, however. Scrubbers

installed under the tradeable permits regime have much stronger incentives to operate intensively

and abate as much pollution as possible. Their higher utilization, in turn, brings down the average

total costs of scrubbing.

While the subsequent analysis focuses on average total cost in order to account for selection,

capital and operating costs are provided separately in the data, and are also presented in Table 4.

Note that the cost advantage of Table A scrubbers is entirely due to lower operating costs. Capital

costs, in contrast, are substantially higher at Table A units — even when normalized by their

capacity. These findings are consistent with the incentives created by a market-based regulatory

regime: because the allowance market rewards high levels of abatement, one would expect the

managers of Table A units willingly to pay higher capital costs in return for lower operating costs.

5 Results

5.1 Selection and the determinants of scrubbing cost

The maximum likelihood results for the first stage Heckman model are presented in Table 5.27 The

dependent variable is the logarithm of average total scrubbing cost. Scrubbing costs are driven by

heat consumption, utilization, and the SO2 content of the coal burned. The negative estimated

coefficients on these variables imply that average total costs decrease with abatement.28 Such

economies of scale are not surprising for such a capital-intensive abatement technique.

that shared scrubbers have different costs.
27The results presented in Table 5 are for the full specification of the selection equation, corresponding to column (3)

of Table 6. (Results for the cost equation using other specifications of the selection equation are virtually identical.)
Parameters from the associated first-stage selection equation are omitted.
28The negative coefficient on SO2 content persists when the interactions with nameplate capacity and vintage are

considered: evaluated at the means of ln (NameCap) and ln (V intage), the net effect of SO2 content is −1.04, not
much different than the raw effect of −1.12 in the table.
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Later-vintage scrubbers (i.e., more recent ones) tend to be more expensive; but at such units

costs decline more rapidly with SO2 content.
29 Units on shared stacks tend to have lower scrubbing

costs, even accounting for the countervailing effects of total heat input and capacity on the shared

stack. Taking ln (Stack capacity) and ln (Stack heat consumption) at their mean values (among

shared-stack units), the net effect of a shared stack is −0.25. In levels, this effect corresponds to a
decrease of roughly $115 per ton of SO2 abated. This too accords with expectations. Scrubbers on

shared stacks often serve multiple boilers: thus we might expect economies of scale to bring costs

down. Meanwhile, scrubbing costs vary significantly and substantially by boiler type (represented

by the dummy Wetbottom) and region.

Finally, note that the estimated correlation ρ between ε and u is positive (= 0.82) and signifi-

cantly different from zero at the 1% level. Larger values of ε are correlated with larger values of u,

implying that units that face high scrubbing costs are less likely to install scrubbers.

5.2 Technique choice

5.2.1 Results of probit estimation

Table 6 presents the coefficients from probit estimation of equation (9). Three specifications are

presented. The first column includes only the costs of scrubbing and switching, the regulatory stan-

dard, and a dummy for the marked-based regime. The second column includes several additional

control variables. The final column corresponds to the full specification of equation (9).

Units were significantly less likely to install scrubbers when scrubbing was relatively expensive.

While that proved true under both regimes, the effect was much stronger under the market-based

regime — in accord with theory. In the full specification of column (3), for example, the coefficient on

scrubbing cost for state-regulated units is θ̂1 = −0.47, and statistically different from zero at the 5%
level. The net effect of scrubbing cost at Table A units is six times greater: θ̂1+θ̂2 = −2.88, with the
difference statistically significant at the 1% level. The effect of coal-switching costs, while somewhat

weaker, is also in line with theory. The estimated coefficients on ln(LowLowSCost) × TableA in
columns (2) and (3) imply that higher switching costs made scrubbing more likely at Table A units

with switching costs below $200/ton. The effect is attenuated (and not significantly different from

zero) for switching costs above $200/ton — suggesting that low-sulfur coal is less relevant to the

scrubbing decision when it is significantly more expensive than the prevailing price of allowances.

29At the mean value of ln (SO2Conti), 1.08, the net coefficient on ln (V intagei) is −0.057 and not statistically
different from zero.
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For units regulated by prescriptive regulation, scrubbing is much more likely when regulation

is more stringent (thus the negative sign on ln (EmissionsStd) and — in column (3) — the positive

sign on StringentReg). Indeed, the emissions standard is by far the most important determinant

of technique choice at such units. As expected, the effect of emissions standards at Table A units

is much smaller. In the simple specification of column (1), the effect of state-level regulation at

Table A units vanishes altogether; in column (2), the effect is halved; and even in column (3) the

effect is offset substantially, although the difference between Table A and state-regulated units is

no longer statistically significant.

Surprisingly, the probability of scrubbing is somewhat higher for units with estimated zero costs

of low-sulfur coal, although the effect is not significantly different from zero. Moreover, including

ZeroLowSCost in the choice equation makes the estimated marginal effects of coal-switching costs

positive at all units. This change suggests that the ZeroLowSCost dummy may be capturing other

factors in the scrubbing decision rather than the effect of cheap low-sulfur coal. One possibility

is that the coefficient is capturing the lack of lower-sulfur sources of coal: if the unconstrained

coal is already low in sulfur, the “low-sulfur coal cost” will be zero but a unit will have no way

of further reducing its emissions. It may also reflect a perverse effect of state-level regulation:

perhaps units with cheap low-sulfur coal are more likely to scrub because state legislators and

regulators want to protect in-state coal mines. The overwhelming majority (88%) of the units with

ZeroLowSCost = 1 are state regulated units.

Other measures of low-sulfur coal availability have the expected effects. Units that were already

burning low-sulfur coal at the time of the scrubbing decision are significantly less likely to install

scrubbers. Units that expected to burn higher-sulfur coal in the future are more likely to scrub, al-

though long-term contracts have no effect. Scrubbers are also more prevalent at minemouth plants.

Surprisingly, state biases towards capital-intensive compliance with Title IV have no discernible

effect.30 There is some suggestion that scrubbing was inversely related to utility and plant size at

Table A units. This result is consistent with utilities adopting “autarkic” compliance strategies

under Title IV. Many utility managers apparently expected that inter-utility trading would be

difficult or that the market would be sluggish. With a smaller pool of allowances to draw on, and

correspondingly less ability to reallocate allowances among units, managers at smaller utilities may

have been installed scrubbers in order to ensure compliance with the new emissions caps.31 Of

30Bailey (1998) reached a similar conclusion in a more detailed analysis of state regulations.
31Ellerman et al. (2000, pp. 300-301) discussed this “autarkic” compliance strategy. In interviews with utility
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course, this effect ought to have been concentrated at the utility level rather than the plant level.

Finally, the estimated coefficient on Table A, although large and positive, is somewhat misleading.

Once the various interaction terms are taken into account, the “Table A effect” essentially vanishes.

The estimated marginal effect of Table A status on the probability of scrubbing, evaluated at the

means of all the other variables, is −0.001 with a standard error of 0.003.

5.2.2 Estimated marginal effects

Strictly speaking, the coefficients estimated by probit represent the effects of the regressors on the

latent “net gains from scrubbing.” The primary object of interest, however, is the effect of these

variables on the probability of installing a scrubber. Table 7 presents estimates of the marginal

effects of the key variables of interest — abatement costs and emissions standards — on the probability

of scrubbing, comparing Table A and state-regulated units.

Table 7 is partitioned into four panels, each with two sets of estimates. Columns (1), (2), (4),

and (5) present estimates of the change in the probability of scrubbing due to a one-standard-

deviation change in the underlying variable of interest. Columns (3) and (6) (in boldface) present

the differences in the effects between the two regimes (subtracting the effects at state-regulated units

from those at Table A units). The probabilities are calculated using the coefficients in column (2)

of Table 6.32 In each case, the sign of the change is chosen so that the probability of scrubbing will

increase: thus the change is negative for scrubbing cost and emissions standards, but positive for

coal-switching costs.

The table presents two sets of estimated marginal effects, corresponding to two distinct con-

ceptions of an “average” scrubber. The estimated effects on the left-hand side of each panel are

evaluated at the mean of Z̃, where Z̃ is the matrix of all explanatory variables in the choice equation

(5), including the abatement costs and regulatory stringency measures as well as the control vari-

ables. This approach results in estimates of changes in the probability of scrubbing at an “average

unit.” The right-hand side of each panel presents marginal effects evaluated at the mean of Φ
³
Z̃b̃γ´

— corresponding to estimates of the change in the average probability of scrubbing. Because the

estimates are in the lower tail of the normal distribution (only 7% of state-regulated units and

managers, they found “a tendency ... for utilities to plan for Phase I compliance as if they faced a utility-specific
cap” — a tendency they identify as a possible explanation for over-investment in scrubbing.
32Column (2) of Table 6 is used, rather than column (3), because the latter includes a dummy variable for a

stringent standard, which would greatly complicate the estimation of marginal effects. Using the estimates in column
(3) would yield very similar results for the marginal effects of the costs of scrubbing and low-sulfur coal.
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11% of Table A units installed scrubbers), the estimated effects are larger when evaluated at the

mean probability. Details of how these marginal effects (and the associated standard errors) were

calculated are provided in Appendix C.

The results in Table 7 confirm that abatement costs and emissions standards have significant

effects on the probability of scrubbing, and that the effects vary by regime. Consider Panel A

first, which presents the marginal effects of a change in scrubbing cost. A one-standard-deviation

decrease in scrubbing cost increases the probability of scrubbing by only a small (and insignificant)

amount at state-regulated units. At Table A units, however, the effect is much larger. Evaluated

at the mean of the right-hand-side variables, a one-standard-deviation decrease in scrubbing cost

makes scrubbing 15% more likely at Table A units. In levels, this change corresponds to a reduction

in scrubbing cost from $488/ton to $235/ton, holding the values of all other variables constant at

their means. Using the mean probability of scrubbing as the baseline, reducing scrubbing cost by

one standard deviation increases the probability of scrubbing by 28% at Table A units. These

effects are significant at the 5% and 1% levels, respectively. The differences between the regimes

(columns (3) and (6)) are nearly as great as the Table A effects, and are equally significant.

Likewise, the effect of low-sulfur coal costs is much greater at Table A plants with cheap low-

sulfur coal (Panel B). At the mean of Z̃, a one-standard-deviation increase in the cost of low-sulfur

coal increases the probability of scrubbing by 2.6%, although the effect is not statistically significant.

In levels, this corresponds to an increase in the low-sulfur coal cost from $94/ton to $166/ton.33

When evaluated at the mean probability, the estimated difference between the two regimes is 3.5%

and significantly different from zero at the 5% level. Not surprisingly, the effect of low-sulfur coal

costs vanishes when low-sulfur coal is more expensive (Panel C).

Finally, Panel D presents the effects of a more stringent emissions standard. At state-regulated

units, reducing the emissions standard by one standard deviation increases the probability of scrub-

bing by 20% to 22%. In levels, this change (evaluated at the mean of Z̃) amounts to ratcheting

the emissions standard down from 2.34 lbs/mmBtu to 1.26 lbs/mmBtu. The effects of state-level

emissions standards are 15% to 18% smaller at Table A units; the differences are significant at the

1% level.

33The standard deviation of LowLowSCost is smaller than the difference between the mean and the maximum.
Therefore, even one standard deviation above the mean, the cost of low-sulfur coal is still less than the $200/ton
cutoff between LowLowSCost and HighLowSCost. Similarly, the standard deviation of HighLowSCost is smaller
than the difference between the mean and the minimum.
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5.2.3 Evaluating the fit of the model

Table 8 evaluates the fit of the model to the data. The table compares actual and predicted

scrubbers among Table A units. Predicted scrubbers are those for which the probit model assigns

a probability of scrubbing greater than a certain cutoff (using the full specification in column (3) of

Table 6). I used a cutoff of 0.357, which results in the same number of predicted scrubbers as actual

scrubbers. The model correctly predicts 22 of the 27 Table A units with scrubbers, and 36 of the

41 scrubbers at state-regulated units. Overall, the model correctly predicts 815 out of 835 choices

(97%).34 Given the low frequency of scrubbers in the dataset, a natural point of comparison is the

percentage of correct predictions from the simple rule “Pr(scrub) = 0.” This rule would result in

767 correct predictions (92%).

6 The consequences of regulatory design: An illustration

In this section, I use the results of the choice estimation to predict scrubber choices under a

counterfactual prescriptive regulation, and compare those choices to the “baseline” predictions

presented in Table 8. While this simulation exercise obviously relies on the same information

contained in the results of the choice estimation above, it does provide a concrete illustration of

the determinants of scrubbing under the two types of policy regimes — and thus offers insight into

the consequences of regulatory design on unit-level choices.

The counterfactual policy considered is a uniform emissions rate standard of 2.27 lbs/mmBtu,

which yields virtually the same aggregate abatement as under the baseline scenario (see Table 9).35

To simulate technique choices under the counterfactual, I generate scrubbing probabilities using

the estimated coefficients from probit estimation of equation (9), using the same unit-level data

as before (with actual emissions standards replaced by the 2.27 lbs/mmBtu standard). Units with

predicted probabilities above the cut point (0.357) are assigned scrubbers under the counterfactual.

34A slightly lower cut point, 0.345, would predict two additional actual scrubbers, maximizing the percentage of
correct predictions (817/835 = 0.98). The resulting simulations of technique choice are virtually identical to the ones
presented.
35The 2.27 lbs/mmbtus standard was determined by trial and error: it resulted in a closer fit between baseline and

counterfactual abatement than any other emissions rate standard (to three significant digits). By comparison, the
“benchmark” emissions rate under Title IV, represented by the rough allowance allocation rule, was 2.5 lbs/mmbtus.
More abatement was done than was required to meet the cap, largely due to the effect of banking, as has been
documented elsewhere (see, e.g., Ellerman et al.).
Eleven Table A units had actual state-level regulations more stringent than the counterfactual; in the simulation,

these units are assigned their actual emissions standards. This is in the spirit of actual practice under U. S. environ-
mental law. Under Title IV, for example, allowance allocations were constrained to be no greater than the allowable
emissions under state laws.
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Table 9 compares actual outcomes to those under the baseline and counterfactual scenarios.

(All comparisons are among the 246 Table A units only.) Note that the predictions of the baseline

scenario precisely match what actually happened. Aggregate emissions and abatement under the

counterfactual scenario are also nearly the same as that under the baseline, by construction.36

Table 10 compares the simulated scrubbing choices under the two policies.37 The number of

units predicted to have scrubbers falls by a quarter, from 28 under the baseline to 21 under the

counterfactual. The gross changes in scrubbing decisions are larger than the net change: only 13

units scrub in both scenarios. The table also summarizes estimated abatement costs at units with

and without scrubbers. (At each individual unit, abatement costs are invariant to the scenario.)

In both scenarios, the units predicted to install scrubbers have lower costs of scrubbing than other

units. In the baseline scenario (the actual tradeable permits policy), average scrubbing cost is

$248/ton at scrubbed units, compared with an estimated $744/ton at units without scrubbers.

The gap is similar (if slightly smaller) under the counterfactual scenario. The cost of abating by

low-sulfur coal is also lower at scrubbed units, but the difference in low-sulfur coal costs is not

nearly as great as that in scrubbing costs.

Next, consider the differences in abatement costs among units that scrub under only one of the

two scenarios (the cells labeled “Yes, No” and “No, Yes”). Units that are predicted to scrub only

under prescriptive regulation have much higher scrubbing costs ($372/ton) than those that scrub

only under the baseline ($223/ton). Moreover, among all units that are predicted to scrub under the

counterfactual policy (the column labeled “Yes”), those that do not scrub in the baseline scenario

have substantially higher scrubbing costs than those that do ($372/ton compared to $277/ton).

Hence the “additional” scrubbers that would have been installed under the prescriptive regulation

would have been disproportionately costly.

In contrast, among all units with baseline scrubbers (the row labeled “Yes”), those that scrub

only under the baseline scenario have lower scrubbing costs than do units that scrub under both

scenarios ($223/ton versus $277/ton). The differences in the costs of switching, while less stark,

echo the same pattern. Like scrubbing costs, switching costs are considerably higher at units that

scrub under the counterfactual but not under the baseline ($267/ton versus $149/ton). The overall

36In another paper (Keohane 2004), I use a similar econometric choice model to estimate the aggregate cost savings
due to the allowance market relative to a range of alternative policies, including (but not limited to) a uniform
emissions standard. The data used here have been updated somewhat from that analysis, so that the precise numbers
and estimated coefficients are somewhat different. The qualitative results of the two models, however, are the same.
37I use the predicted rather than actual choices under the baseline policy to ensure that the differences are due to

the effects of the policy, not to the discrepancy between actual and simulated choices.
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conclusion is that scrubbers installed under an emissions standard would have been much more

costly — in part because the same units would have had relatively high costs of low-sulfur coal, and

in part because the scrubbers installed under the baseline would have been relatively inexpensive.

Table 11 provides a more formal comparison of the predicted scrubber choices under the two

policies. Each panel of the table compares scrubbed units under the counterfactual emissions

standard with units that have scrubbers in the baseline scenario, reporting the results of a paired t-

test for a particular variable of interest. (Note that the “Baseline” and “Counterfactual” scrubbing

costs and low-sulfur coal costs are the same as in Table 10.) The results presented in Table 11

lead to two main conclusions. First, estimated scrubbing costs are substantially (and significantly)

lower under the market-based policy (as shown by the top panel). Recall that at any given unit the

estimated abatement costs under the two scenarios are identical. What changes are the flexibility

allowed by the regime and the incentives to take advantage of lower scrubbing costs. This is the

“abatement incentive effect” of a market-based policy: by attaching a price to pollution, a tradeable

permits system rewards large reductions in emissions and makes scrubbing more attractive for those

units that can do it relatively cheaply.

Second, the costs of switching to low-sulfur coal are higher among units that scrub under the

emissions standard, relative to those that scrub under the tradeable permits regime (the middle

panels). The per-ton abatement cost is higher by $54/ton, although the difference is significant

only at the 10% level.38 The gap is much greater when the cost of low-sulfur coal is expressed

in terms of the total cost of switching — the cost per pound of abatement, times the abatement

required to meet the standard. By this measure, the cost of low-sulfur coal is more than twice

as great under the counterfactual standard (34 cents/mmBtu versus 16 cents/mmBtu), and the

difference is significant at the 1% level. These high total switching costs are driven not only by the

higher cost per ton of SO2 abated, but also by the greater amount of abatement required to meet

the standard. The bottom panel of the table demonstrates that units predicted to scrub under

the prescriptive regulation would have burned higher-sulfur coal in the absence of any regulation.

The higher the unconstrained emissions rate, the greater the abatement required to meet a uniform

standard, and hence the greater the cost of meeting the standard by switching coals.

The higher switching costs at scrubbers under the emissions standard illustrate a second cost-

38Like Panel B of Table 10, this comparison is only among units with positive costs of low-sulfur coal. When
units with zero estimated costs of low-sulfur coal are included, the comparison of per-ton abatement costs becomes
insignificant. The difference in the total costs of switching, however, remains significant at the 1% level.
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reducing feature of the tradeable permits regime — what might be called the “safety valve effect.”

A prescriptive regulation, by limited the range of compliance options, would have forced units

with high costs of switching to install scrubbers. The tradeable permits system that was used, in

contrast, provided a “safety valve,” allowing these units to continue burning high-sulfur coal (and

buy permits to cover their emissions), rather than either scrubbing or switching to low-sulfur coal.

Hence the form of regulation affects the distribution of abatement costs at the unit level. Under

the market-based regime, units that install scrubbers do so not because they are forced to scrub

by high sulfur premia, but because they are enticed to scrub by the prospect of generating (and

selling) excess allowances. An important consequence is that scrubbers installed under the market-

based regime have lower abatement costs — not because of technological changes in the scrubbers

themselves, but because of which units decide to install scrubbers. These unit-level abatement

decisions contribute to substantial differences in the aggregate cost of abatement. For the simu-

lations presented here, the estimated annual aggregate abatement cost, among all Table A units

in the dataset, is $112 million greater under the counterfactual emissions standard than under the

baseline scenario — a cost increase of 15%.

7 Conclusion

This paper analyzes the determinants of pollution abatement decisions, focusing in particular on

the effects of environmental policy instruments. The decision whether to install a scrubber was

much more responsive to abatement costs at units under the tradeable permits regime than at

units regulated by emissions standards. In contrast, regulatory stringency mattered much more at

the state-regulated units. These results provide empirical support for theoretical predictions that

incentives to install lower-cost pollution control techniques are greater under a market-based policy

than under a prescriptive standard. Moreover, simulation results illustrate how these different

incentive structures shape the types of scrubbers that are installed. Scrubber costs were lower under

a market-based policy than they would have been under a counterfactual emissions standard, for

two reasons: the tradeable permits regime created greater incentives to install low-cost scrubbers,

and allowed units with high-cost scrubbers (and high costs of switching to low-sulfur coal) to buy

permits rather than reduce emissions.

The results in this paper highlight the importance of policy design in influencing technique

choice. In the near term, market-based policies encourage the systematic selection of lower-cost
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abatement technologies, bringing down aggregate abatement costs. In the long term, the effects

identified here are likely to drive the pace and direction of technological innovation. Understanding

these effects is crucial for designing sound environmental policy — especially for issues such as

global climate change, where the time horizon is measured in decades rather than years. Analyzing

technique choice under different environmental policy instruments is a first step towards such a

broader understanding.
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Appendix A: Estimation of coal prices

Data on coal shipments were compiled from the Federal Energy Regulatory Commission’s Form

423, a comprehensive monthly survey of fuel purchases at power plants. These coal delivery data

were supplemented with plant-level information on transportation options and actual rail and barge

distances to coal districts. I gathered data for each power plant on the mode of transport (barge

or rail, or neither for minemouth plants) and distance from major and local coal districts, using

a variety of sources: the “1998 U.S. Coal Activity Map” (Resource Data International, 1998); the

“Rand McNally Handy Railroad Atlas of the United States” (Rand McNally, 1982); and the “Rand

McNally United States Road Atlas” (Rand McNally, 1994).

For each of seventeen coal districts, points of origin by barge and by each railroad line were

chosen. Where possible, the origin used by the weekly trade publication “Coal Outlook” (currently

published by FT Energy) was used. For example, rail distances for coal shipped from Central Ap-

palachia to points west, north, and northeast were measured from Kenova (for the Norfolk Southern

railroad) and Louisa, on the banks of the Big Sandy River (for the CSX railroad). Likewise, barge

distances for Central Appalachian coal were measured from the mouth of the Big Sandy River.

Where “Coal Outlook” failed to name a precise point of origin, I relied on the geographical con-

centration of coal mining, as depicted by the Coal Activity Map, along with the proportion of coal

originating from different counties in the district (as given by the data from Form 423). Where

appropriate, different origins were chosen for different destinations. For transport by barge, in cases

where the coal district was not adjacent to water (or for transport to other water bodies), ports

were assigned to each coal district, on the basis of rail distance to the port and coal shipment data

contained in the U.S. Army Corps of Engineers’ reports on “Waterborne Commerce of the United

States” for 1998 (USACE 1998).

Railroad distances from origins to each power plant (more precisely, the nearest town or rail-

road junction) were measured using the railroad atlas. Wherever possible, railroad mileages were

calculated using the actual railroad serving a plant. Barge distances from origins or ports were

measured on the state-level road atlas, along with calculations using river mileage posts provided

on the “Coal Activity Map.”

For each district, by barge and by rail, real spot market39 coal prices (in 1995 cents per million

39We elected to use spot market data, rather than data on coal deliveries under contract, because the spot delivery
data is likely to be a better representation of the prices prevailing in the market at a given point in time. Hence it
provides a better foundation for predicting counterfactual coal prices. As long as the price differentials for spot-market
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Btus) were then regressed on several variables. The exact specifications vary somewhat across ori-

gins — since there were more purchases from Central Appalachia and the Powder River Basin, those

regressions supported more interaction terms — but all contained the same basic set of variables.

The chief explanatory variable is distance to the coal district, which is normalized by the average

heat content of coal from the district.40 In many cases, the regressions also distinguish between

short, medium, and long hauls, and allow distance to vary with the year or time period. A range

of other variables are included: the ash, sulfur, and heat content of the coal, as well as whether

it came from a surface or underground mine; an interaction between sulfur content and dummies

for time periods; a dummy variable for compliance coal (coal that when burned would produce less

than 1.2 pounds of SO2 per mmBtu, thus allowing compliance with the NSPS regulations without

scrubbing); nameplate capacity of the plant; a dummy for plants that were served by both barge

and rail; annual dummies (including a dummy for Phase I of the allowance market, from 1995

to 1999); dummies for the railroads or water bodies serving the plant, interacted with distance;

dummies (where appropriate) for the port41. The fits of the regressions were generally good, with

R2 for the major districts typically around 0.7 or 0.8.42

Tables A1 and A2 provide two sample price regressions: for Central Appalachian coal by barge

and PRB coal by rail, over the years 1972-1999.43 These are OLS regressions, with standard errors

clustered by power plant. The observations are individual coal deliveries reported in the Form 423

data, for plants for which I have distance data (not just the Table A and state-regulated plants

studied in the body of the paper). Note that 1990 is the base year for the regressions. The PRB

regression begins in 1983 because the amounts of coal shipped from the PRB before that year were

miniscule.

These regressions were then used to generate estimated coal prices for “average” coal from

each district, using means for coal characteristics such as ash, heat, and sulfur content. For each

coal from various districts follow the same pattern as price differentials in coal contracts, price premia derived from
estimated spot market prices will provide reasonable proxies for the “true” price premia that would face individual
plants.
40The normalization mediates between what the railroads and barge companies focus on — the tonnage of the coal

and distance transported (or ton-miles) — and what the power plants care about, which is the total heat content of
the coal. Since the dependent variable is price in cents/mmbtu, normalizing distance by average heat content (in
mmbtus per ton) means that the coefficients on distance are measured in cents per ton-mile.
41Note that the inclusion of dummy variables for the ports compensates for the unavoidable uncertainty in our

selection of the ports.
42The reader may note that the regressions in Tables A1 and A2 do not include a constant term. Values for R2

were calculated from the equivalent regressions with one dummy variable replaced by a constant term.
43The full set of regression results, along with details on the variables and the methods used, can be found in [paper

title TBA — work in progress on coal price premia].
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Table A1: Coal price regression
Central Appalachian coal by barge

Dependent variable:
Real coal price (cents/mmBtu)

Variable Coefficient Standard error

Compliance coal 1.999695 1.340511
SO2 rate (tons/ton coal) -5.88673 ** 1.280714
SO2 rate (tons/ton coal) × 1970s 4.620955 2.599908
Heat content (btus/lb) 0.0002197 0.0032946
Ash content (%) -0.8865443 0.5424301
Surface coal -2.328062 * 1.028966
Nameplate capacity of plant 5.05E-07 1.54E-06
CAAA90 -24.69973 ** 2.496534
CAAA90 × SO2 rate 0.2280148 1.115844
CAAA90 × distance 0.1932747 0.1655412
Distance by barge 0.3868759 * 0.1824399
Distance 1972 0.7283288 0.5794741
Distance 1973 -0.2821007 0.924469
Distance 1974 1.545336 3.222493
Distance 1975 0.4963443 0.867951
Distance 1976 0.3567311 0.3498677
Distance 1977 0.5401157 * 0.2331739
Distance 1978 0.5392661 0.359041
Distance 1979 0.6795404 0.3875924
Distance 1980 0.7582976 0.4586946
Distance 1981 1.246699 ** 0.4066311
Distance 1982 0.5927432 0.9470643
Distance 1983 0.0430187 0.4918441
Distance 1984 0.1606098 0.2659709
Distance 1985 0.4461157 0.2755005
Distance 1986 0.1222486 0.2167738
Distance 1987 0.5766457 ** 0.1871282
Distance 1988 0.620454 ** 0.198284
Distance 1989 0.2085552 0.1481081
Distance 1991 0.4949756 * 0.1958
Distance 1992 0.4290237 * 0.1717616
Distance 1993 0.2747122 0.1898164
Distance 1994 0.2552631 0.1624658
Distance 1996 0.0049101 0.0786948
Distance 1997 0.121762 0.1107758
Distance 1998 0.1392842 0.1235994
Distance 1999 -0.1555974 0.1635084
Rail-served 1.31416 3.468629
Truck-served -2.245193 2.391433

continued on next page

34



Table A1, cont’d: Coal price regression
Central Appalachian coal by barge

continued from previous page

Kanawha River -6.366239 5.111993
Gulf of Mexico 74.56134 ** 6.163745
Gulf of Mexico × 1970s -35.01601 ** 7.048738
Gulf of Mexico × 1990s -13.49814 14.557
Great Lakes 40.71192 ** 4.754826
Great Lakes × 1970s -12.7217 8.294657
Great Lakes × 1990s -13.15639 ** 3.548419
Great Lakes × distance 0.0544926 0.4161116
Great Lakes × distance × 1970s 2.440058 * 1.050394
Great Lakes × distance × 1990s 0.8306175 * 0.3160108
Atlantic 64.81745 ** 6.31558
Atlantic × 1970s 29.41623 ** 8.494251
Atlantic × 1990s -17.06872 ** 4.851658
Atlantic × distance 1.409177 0.9758813
Atlantic × distance × 1970s -0.8362679 0.9658028
Atlantic × distance × 1990s -0.008762 0.5566383
Year 1972 -11.09348 9.944301
Year 1973 9.420607 10.18103
Year 1974 215.9208 ** 36.40282
Year 1975 91.90874 ** 10.85625
Year 1976 52.51061 ** 9.543571
Year 1977 76.74531 ** 8.694
Year 1978 101.2226 ** 9.24684
Year 1979 67.79977 ** 11.92438
Year 1980 55.10458 ** 4.377474
Year 1981 71.39717 ** 5.593197
Year 1982 54.47234 ** 8.964738
Year 1983 24.57403 ** 5.868461
Year 1984 35.75954 ** 3.590143
Year 1985 19.73577 ** 2.743044
Year 1986 15.22265 ** 2.6669
Year 1987 0.6709212 2.472507
Year 1988 -7.986094 ** 2.888465
Year 1989 -6.929805 ** 1.552622
Year 1991 -15.89561 ** 2.506936
Year 1992 -18.9634 ** 2.951156
Year 1993 -9.561891 ** 3.08842
Year 1994 -10.96937 ** 1.703008
Year 1996 -0.2307207 1.31983
Year 1997 -0.1127208 1.349976
Year 1998 0.2334576 1.512476
Year 1999 0.2562722 2.019955
Constant 150.5124 ** 45.73959
Observations 34107
Clusters 85
R2 0.82

Standard errors are clustered at the plant level.
* significance at 5 % level; * at 1 % level.
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Table A2: Coal price regression
Powder River Basin coal by rail

Dependent variable:
Real coal price (cents/mmBtu)

Variable Coefficient Standard error

SO2 rate (tons/ton coal) 20.44 ** 4.57
Heat content (btus/lb) 0.02 ** 0.01
Ash content (%) -1.77 1.09
Nameplate capacity of plant 0.00 0.00
CAAA90 11.07 7.99
CAAA90 × rail distance -0.20 * 0.10
CAAA90 × SO2 rate -18.86 ** 6.04
Rail distance (miles) 1.20 ** 0.21
Distance 1983 -0.16 0.56
Distance 1984 -0.03 0.41
Distance 1985 -0.12 0.53
Distance 1986 0.09 0.44
Distance 1987 -0.23 0.40
Distance 1988 -0.15 0.50
Distance 1989 0.18 0.20
Distance 1991 -0.06 0.07
Distance 1992 -0.12 0.09
Distance 1993 -0.08 0.11
Distance 1994 -0.10 0.09
Distance 1996 -0.09 0.07
Distance 1997 -0.02 0.11
Distance 1998 0.00 0.09
Distance 1999 0.09 0.08
Multiple railroads × rail distance -0.12 ** 0.04
Barge-served × rail distance -0.07 0.05
Truck-served × rail distance 0.43 0.64
Short haul (< 1000 mi) × rail distance 0.10 0.11
BNSF railroad 5.16 14.80
BNSF × rail distance -0.11 0.19
Union Pacific railroad -4.55 17.63
Union Pacific × rail distance 0.12 0.26
Constant -133.85 * 64.11
Year Dummies? Yes
Observations 6201
Clusters 127
R2 0.66

Year dummies are included in the regression but are not presented, to save space.
Standard errors are clustered at the plant level. * denotes significance at 5 % level; ** at 1 % level.
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generating unit, prices were estimated for a set of “feasible” coal origins, where the feasible set

depended on the plant’s location, transportation routes, and the year of the scrubbing decision,

and was determined from that unit’s observed purchases as well as purchases at nearby plants. (For

example, prices for coal from district 13 (Alabama) were calculated for plants near Birmingham,

but not Baltimore.) Prices for coal from the two major districts, Central Appalachia and the

Powder River Basin, were generated for every plant which served by a major transport network.
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Appendix B: Calculation of corrected standard errors in second-

stage probit estimation

This appendix describes how I correct the standard errors for the presence of this generated re-

gressor, following the method suggested by Murphy and Topel (1985). Consider the second-stage

loglikelihood equation for the technique choice of unit i, given by equation (9) and written here in

compressed form:

lnL2i = lnΦ (z̃iγ̃) yi + ln (1− Φi (z̃iγ̃)) (1− yi) ,

where I have written yi for the indicator variable Scrubberi. As in the text, z̃i comprises all the

explanatory variables in the choice equation — in particular ScrubCosti, a generated regressor.

For ease of exposition, in this appendix I shall write ĉi = (ScrubCosti, ScrubCosti × TableAi).
Similarly, γ̃ is the full vector of coefficients, although I will often treat θ1 and θ2 (the coefficients on

scrubbing cost) separately. I also use di to denote the dummy variable for Table A units (TableAi

in the text). Finally, let m = 1, ..,M index the variables in x, the vector of explanatory variables in

the cost equation (so that the coefficient vector β has M components); and similarly let j = 1, .., J

index the variables in z̃, and let k = 1, 2 index ĉi.

The Murphy-Topel estimator requires four matrices: the information matrix for the first-stage

loglikelihood, −E ∂2L1
∂β∂β0 , which they labelR1; the corresponding matrix for the second-stage loglike-

lihood, −E ∂2L2
∂γ̃∂γ̃ 0 (denotedR2); (3) the negative of the expected value of the cross-partial derivatives

of L2 with respect to the parameter vectors, −E ∂2L2
∂β∂γ̃ 0 (R3); and (4) the expected covariance matrix

E ∂ lnL1
∂β

³
∂ lnL2
∂γ̃

´0
(R4).

Matrices R1 and R2 are standard and are computed directly from the data as part of the

estimation routine in Matlab. Similarly, since E
³
∂ lnL2i
∂γj

´
= E

³
∂ lnL1
∂βm

´
= 0 by construction,

matrix R4 is simply the covariance matrix between the score vectors, i.e., between β and γ̃. This

too is readily estimated from the data.

Matrix R3 is more complicated and must be derived. The derivatives of L2i with respect to βm
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are

∂ lnL2i
∂βm

=
X
k

∂ lnL2i
∂ĉik

∂ĉik
∂βm

=
∂ lnL2i
∂ĉi

∂ĉi
∂βm

+
∂ lnL2i
∂ (diĉi)

∂ (diĉi)

∂βm

=
φi (z̃iγ̃)

Φi (z̃iγ̃)
θ∗iximyi −

φi (z̃iγ̃)

(1− Φi (z̃iγ̃))θ
∗
ixim (1− yi) ,

where θ∗i = θ1+diθ2. (Recall that x is contained in z̃.) The cross-partials with respect to γ̃j (other

than θ) are given by

∂2 lnL2i
∂γj∂βm

=

·
Φi (z̃iγ̃) (−φi (z̃iγ̃) z̃iγ̃)− φ2i (z̃iγ̃)

Φ2i (z̃iγ̃)

¸
zijθ

∗
iximyi

−
·
(1−Φi (z̃iγ̃)) (−φi (z̃iγ̃) z̃iγ̃) + φ2i (z̃iγ̃)

(1− Φi (z̃iγ̃))2
¸
zijθ

∗
ixim (1− yi)

Multiplying by −1 and taking expectations (writing Φ̃i for Φi (z̃iγ̃)) yields

E

µ
−∂

2 lnL2i
∂γj∂βm

¶
= E


−
·
Φ̃i(−φ̃i)(z̃iγ̃)−φ̃

2
i

Φ̃2i

¸
zijθ

∗
iximyi

+

·
(1−Φ̃i)(−φ̃i)(z̃iγ̃)+φ̃

2
i

(1−Φ̃i)2
¸
zijθ

∗
ixim (1− yi)


=

φ̃
2
i

Φ̃i

³
1− Φ̃i

´zijθ∗ixim. (B1)

Similarly, solving for the remaining cross-partial derivatives with respect to θ and taking expected

values yields

E

µ
−∂

2 lnL2i
∂θ1∂βm

¶
= E


−
··

Φ̃i(−φ̃i)(z̃iγ̃)−φ̃
2
i

Φ̃2i

¸
ĉiθ

∗
ixim +

φ̃i
Φ̃i
xim

¸
yi

+

··
(1−Φ̃i)(−φ̃i)(z̃iγ̃)+φ̃

2
i

(1−Φ̃i)2
¸
ĉiθ

∗
ixim +

φ̃i
(1−Φ̃i)xim

¸
(1− yi)


=

φ̃
2
i

Φ̃i

³
1− Φ̃i

´ ĉiθ∗ixim; similarly,
E

µ
−∂

2 lnL2i
∂θ2∂βm

¶
=

φ̃
2
i

Φ̃i

³
1− Φ̃i

´diĉiθ∗ixim. (B2)

Note that the “extra” terms φ̃i
Φ̃i
xim and φ̃i

(1−Φ̃i)xim cancel out. Recalling that γ̃ ≡ (γ,θ) , we can
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combine equations (10) and (10) into a more compact form:

E

µ
−∂

2 lnL2i
∂γ̃j∂βm

¶
=

φ̃
2
i

Φ̃i

³
1− Φ̃i

´zijθ∗ixim.
This is the (j,m)th entry in the cross-partials matrix R3, and is easily estimated.

Finally, note that the conditional expectations of cost are used in the choice equation. Thus

in the above analysis ĉi ≡ x◦i β̂
◦
, where x◦i = (xi,λi), with λi = (−1) φ(wiδ)

yi−Φ(wiδ) is the inverse Mills

ratio. Thus β̂
◦
=
³
β̂,β̂λ

´
,where β̂λ = ρ̂σ̂ε. The only twist is that ρ and σε are estimated separately

in the full-information maximum likelihood estimation of the first-stage loglikelihood L1, and thus

neither ∂ lnL1i
∂βλ

or Cov
³
β̂,β̂λ

´
are directly estimated. The solution used here is to approximate

∂ lnL1i
∂βλ

and Cov
³
β̂,β̂λ

´
using estimates based on the second (OLS) step of the Heckman two-step

estimator (Heckman 1976). Recall that in the two-step Heckman approach, one first estimates a

probit model of the selection equation, uses the estimated coefficients to calculate the inverse Mills

ratio λ̂i, and then includes λ̂i in an OLS regression of cost on xi:

ci = xiβ + βλλi + ηi.

Letting LTS be the second step loglikelihood corresponding to this equation, we have

lnLTSi = −1
2
ln(2πσ)− 1

2

µ
ci − x◦iβ◦

σ

¶2
.

Clearly
∂ lnLTSi
∂βλ

=
1

σ2
(ci − x◦iβ◦)λi. (B3)

Now consider the estimate of the covariance matrix. Writing b◦ as the estimator of β◦ and X◦

as the matrix corresponding to x◦i , the second step of the two-step Heckman estimator would have

covariance matrix

V◦ = V ar (b◦) = σ̂2
¡
X◦0X◦

¢−1 ¡
X◦0DX◦ +Q

¢ ¡
X◦0X◦

¢−1
,

where D is a diagonal matrix with Dii = 1− ρ̂2λi

³
λi +wiδ̂

´
and Q =ρ̂2 (X

◦0DX◦)Vp (X◦0DX◦),

with Vp the variance from the first-step probit. An estimate of Cov (βm,βλ) can then be recovered

as the (m,M + 1)th entry of V◦.
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Accordingly, to accommodate the use of the conditional regressors in the second stage choice

analysis used here, I do the following. First, I reëstimate the first stage model using the two-step

Heckman estimator, recovering an estimate of β̂λ. Next, I estimate
∂ lnLTSi
∂βλ

in equation (B3) and

append it to the score vector ∂ lnL1
∂β . Finally, I estimate V◦ and use the corresponding estimate of

Cov
³
β̂,β̂λ

´
as a border to augment R1.
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Appendix C: Calculation of marginal effects

The conventional measure of the marginal effect of any continuous variable zk on the probability

that Scrubberi = 1 (for any i), evaluated at a particular vector of observables z̄ (e.g., the mean of

Z̃), is d∂P
∂zik

¯̄̄̄
¯
z̄

=
∂Φ (z̄γ̂)

∂zik
= γkφ (z̄γ̂) .

For a dummy variable, the analogous measure can be written

d∆kP = Φ (z̄1γ̂)−Φ (z̄0γ̂) ,
where z̄d = (z̄1, ..., z̄k−1, d, z̄k+1, ..., z̄K).

In this paper, however, we are interested in the marginal effect of a continuous variable interacted

with a dummy variable. Accordingly, I measure the marginal effect by comparing the probabilities

of adoption at two discrete points, with and without the dummy variable. For example, let z̄d

denote the vector of mean values of Z̃, when the regime dummy variable is equal to d ∈ {0, 1}
(where as in the previous appendix the dummy variable d is the same as TableA in the text). Let

z̄k+d be defined similarly for the same vector, with the value for continuous variable k equal to

the mean plus one standard deviation. (The analysis would be almost identical for the analogous

comparison vector z̄k−d .)

Three measures of marginal effects follow naturally:

d∆kP0 = hΦ³z̄k+0 γ̂
´
− Φ (z̄0γ̂)

i
d∆kP1 = hΦ³z̄k+1 γ̂

´
− Φ (z̄1γ̂)

i
d∆∆kP = hΦ³z̄k+1 γ̂

´
− Φ (z̄1γ̂)

i
−
h
Φ
³
z̄k+0 γ̂

´
− Φ (z̄0γ̂)

i
.

The first line measures the marginal effect of variable k at state-regulated units (i.e., d = 0); the

second measures the marginal effect at Table A units (i.e., d = 1); and the third is a “double-

difference” measure that represents the difference in the marginal effects between the two policy

regimes. These three measures are presented in columns (1), (2), and (3) of Table 7, respectively.

In this case, moreover,

∂ d∆∆kP
∂γm

=
h
φ
³
z̄k+1 γ̂

´
z̄k+1m − φ (z̄1γ̂) z̄1m

i
−
h
φ
³
z̄k+0 γ̂

´
z̄k+0m − φ (z̄0γ̂) z̄0m

i
,
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which is used to estimate the covariance matrix of d∆∆kP ; its component terms are used in esti-
mating the covariance matrix of d∆kP0 and d∆kP1.

Note that the means and standard deviations of the explanatory variables are computed sep-

arately by regime. Thus the marginal effect of a change in scrubbing cost at Table A units, for

example, is computed using the mean of Z̃ for Table A units only, and the change in scrubbing cost

is equal to one standard deviation in scrubbing cost at the Table A units alone. This is done because

the coefficients themselves are estimated separately for Table A units and for state-regulated units.

Because the standard deviations of all the variables are interest are greater for state-regulated units,

this approach is a conservative one: it will exaggerate the marginal effects at state-regulated units,

relative to the marginal effects at Table A units.

Table 7 also presents marginal effects evaluated at the mean of Φ
³
Z̃b̃γ´ — that is, the mean

estimated probability of scrubbing. I first compute Φ̄j =
P
i∈{i|di=j}Φ

³
Z̃i b̃γ´ by regime j. I

then increase or decrease the value of the kth variable at every unit by one standard deviation

(again computing the standard deviation separately by regime), leaving all other variables at their

actual values. This results in a new matrix Z̃k+i , which I use to compute a new mean probability

Φ̄k+j =
P
i∈{i|di=j}Φ

³
Z̃k+i

b̃γ´. The three measures of marginal effects (presented in columns (4),
(5), and (6) of the table, respectively) are then given by

d∆kP0 = hΦ̄k+0 − Φ̄0id∆kP1 = hΦ̄k+1 − Φ̄1id∆∆kP = hΦ̄k+1 − Φ̄1i− hΦ̄k+0 − Φ̄0i ,
with the covariance matrices defined accordingly.
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Table 1: Costs of abating SO2 by switching
to low-sulfur coal, by region ($/ton)

Region Mean Std. Dev N

N. Atlantic 282 147 184

S. Atlantic 214 169 178

Great Lakes 181 180 335

N. Central 110 148 104

S. Central 32 24 6

Rocky Mtns 52 92 28

Total 196 174 835

Table 2: Summary statistics for scrubber cost estimation

Standard
Variable Mean deviation Minimum Maximum

Scrubbing cost ($/ton) 988.75 1764.00 175.74 9404.97

Heat input (mmBtus) 2.49× 107 2.13× 107 29987.92 8.12× 107
Capacity utilization (%) 54.57 20.49 0.45 86.82
Unconstrained SO2 content (lbs/mmBtus) 3.54 1.75 0.55 5.73
Vintage (years after 1968) 20.14 8.37 1 31
Nameplate capacity (GWe) 463.03 365.37 25 1300
Shared stack (N = 15)
...shared capacity (GWe) 753.74 832.06 75 2600
...shared heat consumption (mmBtus) 3.96× 107 4.91× 107 89963.75 1.50× 108
Wet-bottom boiler 0.10 0.30 0 1
N Atlantic region 0.31 0.46 0 1

N = 48



Table 3: Summary statistics for second-stage probit estimation

PANEL A: TABLE A UNITS

Standard
Variable Mean deviation Minimum Maximum

WITH SCRUBBERS(N = 27)
Scrubbing cost ($/ton) 282.29 124.43 128.62 656.59
Low-S coal cost ($/ton) 127.90 96.74 0 350.98
... Low (<= 200, N = 20) 83.38 62.87 0 174.47
... High (> 200, N = 7) 255.14 50.46 204.00 350.99
Zero Low-S coal cost 0.14 0.36 0 1
SO2 emissions standard (lbs/mmBtus) 4.72 1.59 1.2 7.41
Stringent emissions standard 0 0 0 0
Already burning low-sulfur coal 0 0 0 0
Expected sulfur content in 5 yrs (lbs/mmBtus) 2.52 1.14 0 3.6
Pct. of coal under long-term contract 55.19 41.29 0 100
Minemouth location 0.29 0.46 0 1
Capital-intensive statutory bias 0.81 0.39 0 1
Utility nameplate capacity (GWe) 4042.75 4371.92 322.48 17467.36
Large plant (> 3 units) 0.14 0.36 0 1
Large Table A plant (> 3 Table A units) 0.03 0.19 0 1

WITHOUT SCRUBBERS(N = 219)
Scrubbing cost ($/ton) 737.07 880.04 176.65 6899.47
Low-S coal cost ($/ton) 222.92 147.45 0 770.55
... Low (<= 200, N = 100) 93.10 55.35 0 192.89
... High (> 200, N = 119) 332.02 106.35 201.20 770.56
Zero Low-S coal cost 0.05 0.23 0 1
SO2 emissions standard (lbs/mmBtus) 4.97 1.87 1.3 12
Stringent emissions standard 0 0 0 0
Already burning low-sulfur coal 0.04 0.19 0 1
Expected sulfur content in 5 yrs (lbs/mmBtus) 1.07 0.80 0 4
Pct. of coal under long-term contract 24.51 37.87 0 184.38
Minemouth location 0.07 0.26 0 1
Capital-intensive statutory bias 0.55 0.49 0 1
Utility nameplate capacity (GWe) 5641.52 5454.03 112.5 17467.36
Large plant (> 3 units) 0.56 0.49 0 1
Large Table A plant (> 3 Table A units) 0.46 0.49 0 1



Table 3, cont’d: Summary statistics for second-stage probit estimation

PANEL B: STATE-REGULATED UNITS

Standard
Variable Mean deviation Minimum Maximum

WITH SCRUBBERS(N = 41)
Scrubbing cost ($/ton) 1837.25 2320.56 217.18 9404.97
Low-S coal cost ($/ton) 242.86 240.78 0 668.06
Zero Low-S coal cost 0.26 0.44 0 1
SO2 emissions standard (lbs/mmBtus) 0.85 0.54 0.1 3
Stringent emissions standard 0.80 0.40 0 1
Already burning low-sulfur coal 0.24 0.43 0 1
Expected sulfur content in 5 yrs (lbs/mmBtus) 1.63 1.05 0 3.5
Pct. of coal under long-term contract 17.60 44.60 0 185.18
Minemouth location 0.14 0.35 0 1
Capital-intensive statutory bias 0 0 0 0
Utility nameplate capacity (GWe) 4293.30 4668.25 894.7 17467.36
Large plant (> 3 units) 0.63 0.48 0 1

WITHOUT SCRUBBERS(N = 548)
Scrubbing cost ($/ton) 2017.80 7404.93 166.80 134928.5
Low-S coal cost ($/ton) 185.01 179.00 0 847.39
Zero Low-S coal cost 0.20 0.40 0 1
SO2 emissions standard (lbs/mmBtus) 2.94 1.68 0.69 9.2
Stringent emissions standard 0.03 0.18 0 1
Already burning low-sulfur coal 0.09 0.29 0 1
Expected sulfur content in 5 yrs (lbs/mmBtus) 1.26 0.79 0 4.1
Pct. of coal under long-term contract 12.80 28.21 0 160.42
Minemouth location 0.02 0.15 0 1
Capital-intensive statutory bias 0 0 0 0
Utility nameplate capacity (GWe) 4378.58 4316.78 50 17467.36
Large plant (> 3 units) 0.52 0.49 0 1



Table 4: Regime differences in scrubber abatement cost and utilization

State Regulated Table A
Variable Mean Std. dev. Median Mean Std. dev. Median

Utilization and abatement

capacity utilization (%) 49.5 22.5 46.1 63.0 11.5 61.3

heat input (mmBtus) 1.85× 107 1.70× 107 1.23× 107 3.53× 107 2.67× 107 3.54× 107

abatement (000 tons SO2) 19.7 20.7 16.2 81.6 58.9 69.5

Scrubbing costs

average total cost ($/ton) 1444 2161 754 294 125 271

avg. operating cost ($/ton) 432 596 143 64 35 66

unit capital cost ($/kWe) 174 114 167 239 72 271

Utilization data are provided for 54 scrubbers (i.e., not double-counting shared scrubbers). Cost data are given

for 48 scrubbers (the same as in the Heckman cost estimation).



Table 5: Results from scrubbing cost estimation

Dependent variable: ln(Avg. scrubbing cost)

ln(HeatInput) -0.488 **
(0.108)

ln(CapFactor) -0.440 **
(0.119)

ln(SO2Cont) -1.12 **
(0.395)

ln(V intage) 0.372 **
(0.085)

ln(SO2Cont)× ln(V intage) -0.292 **
(0.079)

ln(SO2Cont)× ln(NameCap) 0.158 *
(0.065)

ShareStk -4.42 **
(1.10)

ShareStk × ln(StkNmCap) 0.528 **
(0.156)

ShareStk × ln(StkHeat) 0.057
(0.106)

Wetbottom 0.405 **
(0.010)

NorthAtlantic 0.537 **
(0.084)

Constant 16.0 **
(1.31)

atanh(ρ) 1.16 **
(0.445)

ln σ² -1.48 **
(0.106)

Estimated correlation ρ 0.82

Number of units 815
Number of scrubbed units 48
Log-likelihood 52.1

Notes: Results are from a full maximium-likelihood Heckman model of scrubbing cost with selection.
Selection equation (not shown) contains variables from the probit estimation discussed subsequently.
* significance at 5 % level; ** at 1 % level.



Table 6: Results from probit estimation of scrubber choice

Dependent variable: Equals 1 if unit has scrubber (1) (2) (3)

ln(ScrubCost) -0.42 ** -0.22 -0.47 *
(0.14) (0.15) (0.23)

ln(ScrubCost)× TableA -2.39 ** -2.37 ** -2.41 **
(0.54) (0.60) (0.67)

ln(LowSCost)a -0.03 0.09 0.08
(0.06) (0.18) (0.17)

ln(LowLowSCost)× TableA 0.07 0.40 ** 0.35 *
(0.12) (0.15) (0.18)

ln(HighLowSCost)× TableA 0.03 0.11 0.12
(0.10) (0.13) (0.15)

ZeroLowSCost 1.50 1.49
(0.92) (0.98)

ln(EmissionsStd) -3.51 ** -3.17 ** -2.07 **
(0.48) (0.47) (0.50)

ln(EmissionsStd)× TableA 3.02 ** 1.62 ** 0.51
(0.60) (0.62) (0.68)

StringentReg 1.98 **
(0.63)

AlreadyLowS -0.71 -1.44 **
(0.41) (0.53)

ln(FiveY rSO2Cont) 2.22 ** 1.91 **
(0.36) (0.38)

PctLongTermCtrt 0.001 0.001
0.003 0.003

Minemouth 1.06 * 1.35 **
(0.43) (0.47)

StatuteBias -0.23
(0.44)

ln(UtilSize) 0.17
(0.19)

ln(UtilSize)× TableA -0.46
(0.26)

LargeP lant 0.18
(0.30)

LargeTableAPlant -1.29 *
(0.57)

TableA 13.21 ** 13.13** 18.28**
(3.26) (3.63) (4.98)

Constant 2.85 ** -0.94 -1.42
(1.06) (1.50) (2.20)

Number of units 835 835 835
Number of scrubbed units 68 68 68
Log-likelihood -103.9 -82.5 -69.9

Notes:Standard errors are corrected for use of predicted scrubbing costs, as described in text.
* significance at 5 % level ** at 1 % level.
a ln(Low-S cost) is set to zero for units with Low-S cost = 0.



Table 7: Marginal effects of key variables

Evaluated at mean of Z̃ Evaluated at mean of Φ(X̃ˆ̃β)
State Reg Table A Difference State Reg Table A Difference
(1) (2) (3) (4) (5) (6)

Panel A: ln(ScrubCost)
Change (-1 s.d.) = −0.98 (State Reg); = −0.73 (Table A)

0.002 0.148 * 0.146 * 0.011 0.276 ** 0.266 **
(0.012) (0.054) (0.055) (0.008) (0.055) (0.056)

Panel B: ln(LowLowSCost)a

Change (+1 s.d.) = 0.95 (State Reg); = 0.58 (Table A)

0.001 0.026 0.026 0.003 0.037 0.035 *
(0.001) (0.022) (0.022) (0.006) (0.021) (0.018)

Panel C: ln(HighLowSCost)
Change (+1 s.d.) = 0.95 (State Reg); = 0.30 (Table A)

0.001 0.000 -0.001 0.003 0.004 0.001
(0.001) (0.000) (0.001) (0.006) (0.004) (0.004)

Panel D: ln(SO2EmissionsStd)
Change (-1 s.d.) = −0.62 (State Reg); = −0.39 (Table A)

0.195 ** 0.008 -0.187 ** 0.215 ** 0.067 ** -0.148 **
(0.042) (0.008) (0.043) (0.034) (0.021) (0.040)

Notes

1. Each entry in columns (1), (2), (4), and (5) displays the estimated effect on the probability of scrubbing of a

one-standard-deviation change in the corresponding variable, using the coefficients from column (2) of Table 6.

These effects are evaluated either at the mean of Z̃ or at the mean probability Φ(Z̃ˆ̃β). Columns (3) and (6) display

the differences in the estimated effects. See Appendix C for discussion of how marginal effects are calculated.

2. Means and standard deviations are calculated separately by regime. This is a conservative approach: in all cases,

the standard deviation is greater among state-regulated units, tending to make the corresponding effects larger

among those units.)

3. Standard errors are in parentheses. * indicates significance at 5 % level, ** at 1 % level.
a Means, standard deviations, and marginal effects for LowLowSCost are calculated conditional on

LowLowSCost > 0.



Table 8: Actual scrubber choices vs. baseline predictions

Panel A: Table A units

Actual Baseline scrubber Total
scrubber

No Yes

No 757 10 767

Table A 213 6 219

State Reg 544 4 548

Yes 10 58 68

Table A 5 22 27

State Reg 5 36 41

Total 767 68 835

Table A 218 228 246

State Reg 549 40 589

The table compares actual scrubbers with scrubbers predicted by the baseline model. For example, the cell in the

“Yes” row and “Yes” column gives the number of units (58 units total, 22 Table A and 36 state-regulated) that both

actually have a scrubber and are predicted to have one in the baseline scenario.



Table 9: Comparison of key outcomes: Actual estimates vs. baseline scenario

Actual Baseline Counterfactual
Variable (estimated) (predicted) (predicted)

average annual aggregate
emissions (000 tons) 4262 4262 4254

average annual aggregate
abatement (000 tons) 4251 4251 4259

Explanation: Column (1) presents actual measurements of emissions (for years 1996-1999). Columns (2), (3), and

(4) present estimates. (“Actual” refers to the scrubber choices.) All comparisons are based solely on the 246 Table

A units used in the estimation.



Table 10: Number of scrubbers under baseline and counterfactual scenarios

Baseline Counterfactual Total
scrubber scrubber Total

No Yes

No N = 210 N = 8 N = 218

scrub cost ($/ton) 758 (893) 372 (118) 744 (880)

switch cost ($/ton) 236 (140) 267 (112) 237 (139)

Yes N = 15 N = 13 N = 28

scrub cost ($/ton) 223 (60) 277 (89) 248 (78)

switch cost ($/ton) 149 (95) 143 (127) 147 (105)

Total N = 225 N = 21 N = 246

scrub cost ($/ton) 722 (873) 314 (109) 687 (843)

switch cost ($/ton) 230 (139) 201 (133) 228 (139)

The top line in each cell is the number of units corresponding to that cell. The second and third lines show the

average costs of scrubbing and switching, respectively, measured in $/ton, with standard deviations in parentheses.

switching costs are summarized only for units with positive costs of low-sulfur coal; one unit in the (No, Yes) cell

and five units in the (Yes, Yes) cell had zero estimated switching costs.



Table 11: Results of paired t-tests: Baseline vs. Counterfactual

Mean Std. Error t

Avg. scrubbing cost ($/ton)

Baseline (tradeable permits) 248
Counterfactual (emissions standard) 314

Difference 65.4 22.3 2.93

Cost of switching to
low-sulfur coala ($/ton)

Baseline (tradeable permits) 147.0
Counterfactual (emissions standard) 200.6

Difference 53.6 30.6 1.75

Cost of abating to uniform
standard by switchinga,b (cents/mmbtus)

Baseline (tradeable permits) 15.7
Counterfactual (emissions standard) 33.9

Difference 18.2 4.57 3.98

Unconstrained SO2 content (lbs/mmbtus)

Baseline (tradeable permits) 4.66
Counterfactual (emissions standard) 5.48

Difference 0.82 0.24 3.46

Notes & explanation

Each panel reports the results of a t-test that the mean of the corresponding variable differs between units with

predicted scrubbers under the baseline and those with predicted scrubbers under the counterfactual (emissions

standard). Standard errors are corrected for clustering at the unit level.
a Comparison of switching costs is only among units with LowSCost > 0. See text.
b “Cost of abating to uniform standard by switching” is a measure of the total cost of switching to low-sulfur coal,

per mmBtus of heat input. It is calculated by multiplying the estimated sulfur premium (expressed in cents/lb

of SO2) by the difference between the unit’s unconstrained sulfur content and the uniform standard (expressed in

lbs/mmBtus).




