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Abstract

Regulated U.S. electricity markets have transitioned from coal to natural gas more
slowly than restructured markets. This contrasts with the predictions from canonical
models of regulation that regulated utilities would over-invest in new capital because
they are allowed a fair rate of return on capital. In addition, observers have alleged
that regulated utilities are operating coal plants even when this is inefficient because
they are subject to a “used and useful” standard that only allows them a return on
power plants that they use sufficiently. We develop and estimate a dynamic model of
energy transitions in regulated electricity markets that can explain these stylized facts.
In our model, regulators reimburse utilities for using productive assets while aiming to
keep electric rates low by limiting returns on capital when variable costs are high. In
the short run, utilities make hourly operations decisions to maximize profits, given the
incentives set up by the regulatory structure. This regulatory structure provides two
opposite incentives: utilities will overuse expensive coal plants to meet the used and
useful standard, but this overuse will be constrained to the extent that it results in high
variable costs. In the long run, utilities decide which plants to retire and which new
technologies to invest in. We show that regulation slowed the energy transition from
coal to natural gas and that it may have important consequences for the transition to
renewable electricity generation.
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1 Introduction

Electricity generation is a critically important component of the economy and modern life.

However, it also generates substantial negative externalities. In particular, electricity genera-

tion in the U.S. contributed 31% of U.S. CO2 emissions in 2019 (Energy Information Agency,

2020). Beyond its climate change impacts, electricity generation also emits substantial local

pollutants that harm human health, with damages for the U.S. estimated at $57.3 billion in

2017 (Holland et al., 2020).

At the same time that research has highlighted the importance of the damages from

emissions, we are in the middle of two major transitions in electricity generation. First, over

the past two decades, the cost of generating electricity with natural gas has plummeted.

This was caused by the pairing of combined cycle generation technology with hydraulic

fracturing, which has resulted in gas plants becoming more efficient at the same time that

natural gas fuel prices have fallen. Second, the costs of large-scale solar panels and batteries

have both dropped over 80% since 2010 (International Renewable Energy Agency, 2020; Cole

and Frazier, 2019; Goldie-Scot, 2019). Given these cost declines and the substantially lower

pollution externalities from renewables, a transition to renewable energy appears imminent.

These transitions are occurring in a highly regulated environment. Electric utilities’

investment and pricing decisions have historically been regulated as natural monopolies.

The 1990s saw extensive electricity deregulation in the U.S. and Europe. In the U.S., this

deregulatory push ended with the California electricity crisis of the early 2000s, leaving

a patchwork system where different states have substantially different levels of regulatory

control.

In its simplest form, regulation of utilities’ pricing and investment sets electricity prices

such that firms earn a “fair” rate-of-return on their capital. The canonical model of rate-

of-return regulation, Averch and Johnson (1962) (AJ), shows that utilities will respond to

this type of regulation by over-investing in capital, suggesting that regulated utilities may

have an incentive to over-invest in capacity in these new technologies. However, AJ cannot

directly be applied to electricity generation since many of their fundamental assumptions
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(e.g. elastic demand) do not fit this sector. Moreover, anecdotal evidence suggests that

regulated utilities transition more slowly than others: the restructured states of Texas and

California lead the U.S. in renewable energy production by a substantial margin (U.S. Energy

Information Agency, 2020), and nuclear power plants in states undergoing restructuring

disproportionately closed (Davis and Wolfram, 2012).

In this paper we investigate whether the regulatory structure has impeded energy tran-

sitions to new technologies and whether it incentivizes utilities to use the existing capital

stock inefficiently. To do this, we will develop and estimate a model of regulation with plant

investment and exit over the long-run and electricity generation and import decisions in the

short-run. Our model builds on the AJ framework in a way that allows us to model the

electricity industry. The ultimate goal of this paper is to evaluate how potential regulatory

structures could impact the transition to renewable energy.

In the twenty-first century, the fuel used to generate the majority of electricity in the

U.S. has transitioned from coal to natural gas. This has led to a 28% reduction in CO2

emissions between 2005 and 2018 and lower local air pollution (U.S. Energy Information

Administration, 2018). Two major technological innovations facilitated the evolution toward

natural gas. First, combined cycle natural gas generation technology dramatically increased

the efficiency with which generators could turn natural gas into electricity. Second, hydraulic

fracturing (fracking) has drastically increased the quantity of economically accessible natural

gas reserves in the U.S., thereby lowering natural gas prices.

With the recent declines in solar and battery technology prices, we are on the cusp of an-

other energy transition. These transitions are occurring in a partially regulated environment,

with investment and pricing requiring state Public Utility Commission (PUC) approval in

some states but not in others. Even in restructured markets—which have undergone some

deregulation—while investment into and exit out of generation are deregulated, decisions on

the transmission and distribution of electricity and final consumer prices often still require

PUC approval. This makes understanding the policies that facilitated (or hindered) the

transition from coal to natural gas paramount.

This paper seeks to understand how the regulatory structure affects energy transitions.
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In particular, we ask two key questions. First, how does regulation affect the rate at which

electricity generation transitions to new technologies? Second, given the existing generation

capacity at any point in time, how does regulation affect the use of different generators?

To answer these questions, we develop and estimate a model of utility investment and usage

under regulation. Our model has both long-run investment and exit and short-run operations

components. In the long-run, the regulated utility decides on the amount of coal generation

to retire and of natural gas generation to adopt. Within each year, however, the utility

makes generation decisions given its investment decisions and exogenous fuel prices. We seek

to understand how different regulatory structures would affect energy transitions—both from

coal to natural gas generation and, looking forward, to renewable electricity generation.

To understand the current regulatory structure, we adapt the canonical model of regula-

tion (Averch and Johnson, 1962, AJ). In the AJ model, the regulated utility is constrained to

a maximum return on capital but can price as a monopolist given this constraint. This model

is limited in the context of electricity, because electricity demand is highly inelastic implying

that the AJ prices are infinite under many functional forms. Thus, our goal is to develop

and estimate an updated model of electricity regulation that incorporates key specifics of

this sector and that generates predictions that are in line with the observed data. To do

this, we start with a model where, each period, regulators deem a set of capital owned by the

utility to be effective, representing the “used and useful” standards that state PUCs typically

employ. The regulator then reimburses the utility for marginal costs and allows it to earn

a rate-of-return on its effective capital. This rate-of-return decreases in consumer electricity

rates in order to incentivize the utility to lower costs. The utility chooses its generation and

investment decisions to maximize profits in this regulatory environment.

Our model of regulation innovates relative to AJ in three dimensions. First, unlike AJ,

the rate-of-return that the utility can earn is declining in the final consumer price of electric-

ity. This both recognizes political economy constraints (Wilson, 2019; Hausman, 2019) and

prevents the utility from charging arbitrarily high prices, which it could feasibly do under

AJ’s rate-of-return formulation by investing in an immense capital stock. Second, in order

to model the used and useful standard, we assume that if the utility does not operate the
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plant sufficiently, it will not receive the rate-of-return on the entire plant capital. This allows

for regulation to potentially distort short-run operation decisions in addition to investment

decisions, in particular leading to the overuse of old, inefficient generators (Daniel et al.,

2020). Third, we adapt AJ to a dynamic setting in order to understand the role of regulation

in the adoption of new technologies and in the retirement of existing capital.

Literature: This paper relates to three broad literatures. First, it builds on the theory

of regulation. Beyond AJ, papers in this literature include Demsetz (1968); Posner (1974);

Laffont and Tirole (1986), and Joskow (2007). Second, it extends the empirical literature

on the impact of electricity regulation, which includes Fowlie (2010); Davis and Wolfram

(2012); Cicala (2015, 2017); Abito et al. (2018); Lim and Yurukoglu (2018), and MacKay and

Mercadal (2019). Finally, we contribute to the growing empirical literature on the dynamics

of investment and exit in electricity markets, which includes Myatt (2017); Eisenberg (2019);

Linn and McCormack (2019); Abito (2020); Zhang (2020), and Butters et al. (2021).

2 Model of Electricity Regulation

We consider a regulated utility whose role is to meet electricity load at every point in

time. The regulated utility begins each year, t, with capacity for a number of different

fuel/technology types, f = 1, . . . , F , which are represented by Kft. It uses this capacity

together with electricity imports to meet load in each hour. We assume that load, `th, varies

across each hour, h, of each year, t, but that load in any hour is fixed. In other words,

electricity demand is perfectly inelastic but varies at the hourly level. In each hour, the

utility can meet load by a combination of electricity generated with each fuel type, qfth, or

by importing qmth units of electricity from an interchange outside its service area. At the end

of the year, the utility chooses new capacity investment and exit, Ift and Xft respectively,

which determine next year’s capacity, Kft+1 = Kft + Ift −Xft.
1

The regulator is faced with a natural monopoly and uses rate-of-return regulation. It sets

1Regulated utilities also provide transmission and distribution services, but this is not the focus of our
study. See for example Lim and Yurukoglu (2018).
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electricity prices each year to guarantee that the utility is limited in its maximum rate of

return, s̄. Let effective capital Ke
t , be the utility’s year t capital that the regulator deems

“used and useful” (a concept we discuss below) measured in dollars and TV Ct be total

variable (generation and import) costs. We define the rate of return to be st ≡ (Revenuest−

TV Ct)/K
e
t . The regulatory constraint is, therefore, st ≤ s̄. We will assume that regulation

is binding in equilibrium, so that st = s̄.

Underlying the rate-of-return regulation is the idea that the regulator can observe and

contract on some aspects of the utility’s behavior but not others. On the one hand, the

regulator must observe some utility costs to choose an appropriate electricity price. On

the other hand, if the regulator could perfectly observe and contract on the utility’s cost

function, then it could simply dictate the utility’s actions. We assume that the regulator can

observe usage by generator, variable costs, and load—which are all fundamentally recorded

on utilities’ balance sheets—but cannot perfectly observe fixed costs, sunk costs, or the

opportunity cost of capital.

Rate-of-return regulation ensures that the utility does not go out of business (because

returns are “too low”) or earn “excessive” returns. However, it does not ensure utilities have

incentives to operate or invest efficiently.

We develop a model of a regulator that seeks to encourage the appropriate use of and

investment in capital given inelastic demand. Beyond adding the regulated utility’s invest-

ment and exit dynamics, our approach modifies AJ in two ways. First, in our setting, the

regulator offers a lower rate of return, the higher the utility’s variable costs relative to the

variable costs in a baseline year.2 This encourages the utility to use its existing generators

efficiently—operating them from lowest to highest marginal cost—and incentivizes the util-

ity to invest in low-variable-cost generators. Thus we write the maximum rate of return

as a decreasing function: s̄(TV Ct/TV C0) ≡ (TV Ct/TV C0)
−γ, where γ > 0. Second, the

regulator adjusts effective capital based on a “used and useful” criterion, where generators’

contribution to effective capital depends on their utilization.

The regulator needs both of these additional policy levers. The declining rate-of-return

2This declining rate of return is observed in other regulated sectors such as natural gas (Hausman, 2019).
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lever prevents the utility from investing in (and using) capital with inefficiently high marginal

costs. However, this lever alone does not prevent the utility from vastly overinvesting in

capital. The used and useful lever directly addresses this issue by penalizing the utility for

any underused generators. Still, on its own, it does not provide an incentive for the utility

to invest in low-cost generators.

Focusing on the determinants of costs, total variable costs are the sum of variable costs

across fuel and generator technology types, f , and imports. We let f ∈ {COL,CCNG,NCCNG}

represent coal, combined cycle natural gas, and non-combined cycle natural gas, respectively.

And we represent the generation across all fuels and hours of the year, qfth, and import

quantities, qmth, across all hours of the year as ~qt. Thus, we define:

TV Ct(~qt) =
∑
f

∑
h

[
qfth(heatf × pft + omf ) + ρf (qfth − qfth−1)2 + qmth × Smth(qmth)

]
. (1)

In equation (1), each fuel-technology type has a “heat rate,” heatf , and the utility pays a

market price for fuel per MMBtu in each year, pft. Further, the utility must pay operation

and maintenance (O&M) costs, omf , per MWh of generation, and ramping costs, ρf , for each

squared change in hourly generation. In practice, we assume that non-combined cycle natural

gas plants do not have ramping costs, so ρNCCNG = 0. Finally, the utility is a monopsony

purchaser of electricity imports, facing a supply curve Smth(qmth).

Across years, the utility incurs capital investment and exit costs. It pays an exit cost of

CX
f + σXεXft per unit of the exiting capacity, Xft, and an investment cost of CI

f + σIεIft per

unit of new capacity, Ift. The ~ε cost shocks are i.i.d. across exit or entry, fuel, and periods

and are multiplied by the standard deviation parameters, σXf and σIf . In practice, we will

only model utilities as choosing whether to add natural gas combined cycle capacity and

retire coal capacity. We observe a few instances of entry of large coal generators in the data

but the decisions to undertake these investments largely occurred before our sample period.

Turning now to the used and useful standard, we assume that effective capital, Ke
t , is an

aggregation of capital valuations across fuel and generator technology types, f = 1, . . . , F .

We let f ∈ {COL,CCNG,NCCNG}, represent coal, combined cycle natural gas, and non-
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combined cycle natural gas respectively.

We assume that the used and useful standard only binds for coal generators. To model

this, let Q
COL

t be the average hourly generation of coal, let Kf be the total megawatts of

capital of fuel-technology type f . We define effective capital as:

Ke
t ≡ α

[
αCCNGKCCNG + αNCCNGKNCCNG +

(
αCOL + b

Q
COL

KCOL

)
KCOL

]
. (2)

In equation (2), αCCNG and αNCCNG are the relative contributions of these fuel-technology

types to effective capital. The parameter αCOL indicates the contribution of coal capacity

to effective capital if coal were completely unused, while αCOL + b is the contribution if it

were fully used. Finally, the parameter α converts these relative capital levels into dollars of

effective capital. We normalize αCCNG = 1 such that α can be interpreted as the effective

capital (in dollars) of one MW of combined cycle natural gas capacity.

The utility’s variable profit in each year is:

πV (~qt) = Revenues(~qt)− TV C(~qt). (3)

In equilibrium, the utility obtains its maximum allowable rate of return and, thus, Revenues(~qt) =

sKe
t + TV C(~qt).

We can split the optimization decision for the utility into investment/exit decisions and op-

erations decisions. Focusing first on operations decisions, we assume that the utility observes

load and the import supply curve for every hour of the year before it makes its operations

decisions, ~qt, to maximize variable profits over the year subject to meeting load and satisfying

regulatory constraints. Because ramping costs and used and useful considerations connect

generation decisions across hours, the utility solves for the full vector of generation and im-

port decisions, ~qt given its capacities, K1, . . . , KF and fuel prices, p1, . . . , pF . We denote the

utility’s expected variable profits given these state variables as πV ∗(K1, . . . , KF , p1, . . . , pF ).

The utility makes investment and exit decisions to maximize the constrained expected

discounted long-run sum of these operating profits net of investment and exit costs. In
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practice, we will only model utilities as choosing whether to add natural gas combined cycle

capacity and retire coal capacity since these are the overwhelming majority of entry and exit

observed during our sample period.3

The utility’s Bellman equation for its investment and exit decisions is:

V (K1, . . . , KF , p1, . . . , pF , ~ε) = πV ∗(K1, . . . , KF , p1, . . . , pF )

+ max
If ,Xf

{−
F∑
f=1

(
(CI

f + σIεIf )If + (CX
f + σXεXf )Xf

)
(4)

+β

∫
EV [K1 + I1 −X1, . . . , KF + IF −XF , p

′
1, . . . , p

′
F ]dg(p′|p)},

where EV is the expectation of the value function, integrating over the ~ε cost shocks, and

g(p′|p) is the conditional density of the next period’s fuel prices. Equation (4) shows that

the utility can adjust its next period’s capital deterministically but is faced with a stochastic

evolution of fuel prices and cost shocks.

Regulation in our model thus creates multiple inefficiencies. First, utilities may operate

generators out of dispatch order to increase their effective capital. We expect this to be

a particular concern for utilities that operate older coal generators rendered economically

inefficient by the decrease in the marginal cost of generating electricity with natural gas.

Second, our model incorporates the standard concerns that rate-based regulations will distort

the utility’s incentives to invest in capital. Estimating our model will allow us to quantify

these distortions.

3 Data

The data we use includes state, utility, and generator information. Our main estimation

sample extends from 2006 to 2018, though some datasets start earlier. At the state level, we

use data on regulatory status, fuel prices, electricity import prices, and weather. We follow

Cicala (2017) in our definitions of electricity regulatory status. We combine these data with

3While we observe a few instances of entry of coal generators in the data, the decision to undertake these
investments largely occurred before our sample period.
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coal and gas contract fuel prices from the Energy Information Administration (EIA). We

average these contract prices to the state-month level to generate a measure of the likely

marginal cost of fuel. We also generate an import price for each hour at the state level for

each regulated state by finding the nearest restructured interchange and using the market

price at that interchange. Finally, we use data on average daily temperatures at the state

level based on the PRISM data as downloaded from Prof. Wolfram Schlenker’s website, which

we use to construct electricity import supply curves.

At the utility level, we use the Federal Energy Regulatory Commission (FERC) form 714

data. These data include the hourly load for each load-serving entity. We merge these data

with EIA form 861 data on utilities’ annual revenues and state service territories using the

EIA utility identifier provided in the FERC data.

Finally, at the generator level, we use three datasets. First, we use annual data from

EIA form 860 on the capacity, fuel type, and utility that owns the generator. Second, EIA

form 923 provides the annual heat rate data. Finally, we merge these two datasets with data

from the EPA’s Continuous Emissions Monitoring System (CEMS) database on the hourly

generation for each generator.

Most of these elements enter directly into our model. However, we do not directly observe

the import quantities for each utility-hour. We construct this variable by subtracting the

total quantity generated from the hourly load.

4 Reduced Form Evidence

We now present reduced-form evidence that illustrates the identification of the structural

model and motivates its specification, using data from the Eastern Interconnection of the

U.S. We first provide support for our assumption that the regulator permits lower rates of

return when variable costs relative to the base year are higher and then for our assumption

that the effective capital depends on whether the capital is used and useful. Finally, we

provide evidence on entry and exit.

Determinants of the allowable rate of return: In order to understand whether the
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regulator adjusts the maximum allowable rate of return, s̄, as TV Ct/TV C0 changes, we

regress the observed rate of return on measures of TV Ct/TV C0. We construct total variable

generation and import costs using heat rate and fuel price data from EIA and calculating

import costs following Bushnell et al. (2008). Ideally, we would directly measure the observed

rate of return as equal to the allowable rate of return, so s̄ = (Revenues(~qt)−TV C(~qt))/K
e
t ,

at the utility’s profit maximizing choice of ~qt.

The central issue with this approach is how to measure Ke
t and TV Ct. There are at

least two important measurement concerns. First, we do not observe effective capital, Ke
t ,

directly in the data. One substitute for the effective capital is to measure the utility’s actual

generation capital by summing the MWs of capacity across different fuel-technology types.

However, the dollar cost of capital will vary across and within types—because of different

capital costs and depreciation—implying that this does not appropriately capture the value of

a utility’s capital. In addition, this measure does not incorporate the fact that the regulator

may decrease effective capital if it does not deem some generators to be used and useful.

Second, we also only observe the variable generation and import costs, and do not observe

other variable costs such as those for transmission and distribution. This is problematic

because utilities may have underlying differences in these variable costs. For instance, utilities

that serve a large geographic area may have higher marginal transmission costs. These extra

variable costs are an omitted variable that varies across utilities and may lead to biased

estimates of the effect of TV Ct/TV C0 on the maximum allowable rate of return.

Thus, to motivate our assumption that the regulator permits lower rates of return when

TV Ct/TV C0 is high, we construct measures of st using revenues minus TV Ct divided by

two different proxies for effective capital Ke: (1) total period load and (2) total MWs of

capacity. The structural model directly specifies the determinants of the rate base, so these

measures serve to provide evidence on its underlying identification. Further, we take two

approaches to controlling for the omitted variable bias. We run the regressions with utility

fixed effects—which are difficult to incorporate into a structural model—and with both the

dependent and independent variables differenced from their average in an initial set of years.

The fracking boom provides substantial within-utility variation in costs that will help identify
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these specifications. We also report results without fixed effects or differencing.

Table 1 presents the results of these 6 regressions. For ROR defined with load, the coeffi-

cient on TV Ct/load in the regression without fixed effects or differencing is not statistically

significant. Once we add utility fixed effects, TV Ct/K
e
t has a negative association with ROR

that is highly statistically significant, using both definitions. The results that difference total

variable costs from the first year of the data show similar patterns to the results with fixed

effects, and are more directly tied to the identification of our structural estimates.

Determinants of the effective capital, Ke
t : Beyond the determinants of s̄, we also

motivate our assumption that generators must be used and useful to be included in the

measure of effective capital. In principle, we could observe these incentives by evaluating

whether utilities operate generators in hours when operation would be uneconomical in the

absence of regulatory constraints, and in particular for generators where operation would

be pivotal in convincing the regulator that the generator is used and useful, such as coal

generators in the post-fracking era. Because of complex issues in generator scheduling, such

as ramping costs and operations and maintenance costs, we identify the used and useful effect

by comparing the scheduling of generators in regulated markets to restructured markets. This

allows us to tie this potential out-of-dispatch-order generation to the presence of regulation.

Thus, we examine the likelihood of coal generators operating when wholesale electricity prices

are low relative to the generator’s marginal fuel costs, and compare this between regulated

and restructured markets. We also examine whether this likelihood varies with generator

usage in the previous year.

We therefore run regressions at the generator-hour level of whether a generator is operat-

ing on an indicator variable for the generator’s marginal cost being above wholesale price and

this indicator interacted with whether the generator is in a restructured state, controlling

for state and year fixed effects.4 Because there are no wholesale markets in regulated states,

we recover the effective wholesale price using the closest market price from a restructured

state, which proxies for the price the utility pays for imports. Since our structural model

4Regulatory status is completely determined by state during our sample years, so we do not include a
separate control for regulatory status.
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Table 1: Regressions of Rate of Return on Total Variable Cost per Effective Capital

ROR: Variable Profit ROR: Variable Profit
Over Load Over MW Capacity

ROR ROR ∆ROR ROR ROR ∆ROR

TV C/load −0.014 −0.693∗∗∗

(0.102) (0.044)
∆TV C/load −0.528∗∗∗

(0.050)
TV C/capacity −0.090∗ −0.466∗∗∗

(0.054) (0.045)
∆TV C/capacity −0.384∗∗∗

(0.047)

Utility FE N Y N N Y N
R2 0.000 0.948 0.240 0.008 0.941 0.162
N 352 351 352 340 339 340

Note: the ∆ symbol represents the difference between the variable in the current year and
initial year, 2006. *** indicates significance at the 1% level and * indicates significance at the
10% level.

aggregates generators by fuel-technology types, we also run our regressions at this level.

Table 2 shows the results of these regressions for both coal and combined cycle natural

gas generators. Focusing first on the generator-level regressions, column 1 shows that coal

generators in regulated states are 7.8 percentage points less likely to operate when their

marginal fuel costs exceed the wholesale price. This effect is 6.0 percentage points larger

in restructured markets, although the difference is not statistically significant. Column 2

shows that the differential usage between regulated and restructured states is not present for

combined cycle natural gas generators. The fact that the used and useful standards appear to

bind for coal generators fits with coal generators becoming uneconomical in many instances

due to the fracking boom. In contrast, combined cycle natural gas generators are unlikely to

be on the margin for used and useful standards in the post-fracking era.

Figure 1 provides further graphical evidence on utilization by fuel-technology type in

regulated versus restructured markets. Panel (a) shows that the difference in utilization

between regulated and restructured markets in periods when MC > P is highest when coal
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Table 2: Generator Use and Used and Useful Standards

1{Generator Operating} 1{Fuel-Technology Operating}
Combined Cycle Combined Cycle

Coal Natural Gas Coal Natural Gas

1{MC > price} −0.078∗∗∗ −0.197∗∗∗ −0.032 −0.203∗∗∗

(0.021) (0.028) (0.031) (0.030)
1{MC > price}× −0.060 −0.002 −0.122∗∗ 0.004
Restructured (0.042) (0.027) (0.050) (0.029)

R2 0.059 0.124 0.089 0.132
N 34,780,519 24,280,694 19,782,462 20,723,458

Note: Regressions are linear probability models that include state and year fixed effects.
Standard errors are clustered at the state and year level. *** indicates significance at the
1% level and ** indicates significance at the 5% level.

generators are used in fewer than 40% of the hours in the previous year. This suggests

that utilities in regulated markets are concerned about having lower effective capital when

their coal utilization falls below this threshold. This threshold in turn informs our structural

modeling of the used and useful standard.

Panel (b) presents the differential usage when MC > P by state for both coal and natural

gas generators. The seven states with the lowest differential coal utilization—which are at

the bottom of the graph—are all regulated states. In contrast, there is no clear differential

usage pattern for gas generators. This reinforces the idea that regulatory status dramatically

impacts utilization for expensive, older technologies. The heterogeneity across restructured

states is also consistent with different extents of deregulation across these states, with CT,

NH, DE, and NY displaying the least out-of-dispatch-order generation by coal plants, perhaps

because they are the most deregulated.

Determinants of entry and exit rates: We also investigate whether the same forces

discussed above have led to differential exit rates for coal generators in regulated markets.

In the entire U.S. between 2006 and 2018, 19.7% of coal capacity exited the market in

regulated states, whereas 30.3% exited in restructured states. This suggests that regulated

utilities are responding to regulatory incentives not just by overusing coal generators but
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Figure 1: Utilization When MC > P in Regulated Versus Restructured Markets

(a) Restructured Usage by Prior Utilization
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The error bars show 90% confidence intervals calculated with the delta method. Panel (b) shows
coal and gas extra utilization when MC > P by state. Green states are regulated and red states
are restructured.
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also by keeping them in operation longer. In contrast, regulated utilities have a higher entry

rate for combined cycle natural gas generators—47.7% additional capacity versus 37.5% in

restructured markets—which is consistent with AJ’s result that regulated utilities over-invest

in capital to increase their effective capital.

5 Estimation Approach

Our model developed in Section 2 is dependent on structural parameters that specify the

regulator’s rate-of-return function and standards for generators being used and useful, and

generators’ ramping and O&M costs, import supply curves, and investment and exit cost

distributions. We estimate investment and exit cost parameters with a nested fixed-point

dynamic estimation, using the utility’s state-contingent investment in gas generation and

retirement of coal generation as the dependent variables. Within the operations model,

we estimate import supply curve parameters with an instrumental variables approach that

follows the literature. We calibrate O&M parameters from the literature. We estimate the

remaining parameters of our model by solving for utilities’ optimizing operations decisions

and resulting revenues within a year, and matching these elements to data with an indirect

inference approach. We now focus on our estimation for each of these parameters, and finish

with a discussion on identification.

5.1 Investment and Exit Cost Parameters

As we explained in Section 2, the utility makes investment and exit decisions to maximize its

constrained expected discounted sum of operating profits net of investment and exit costs,

with the Bellman equation for these decisions in equation (4). We estimate the structural

parameters of this model—mean investment and exit costs and the standard deviation of

investment and exit cost shocks—with a full solution nested-fixed point method.

Specifically, we will assume that fossil fuel investments operate for 30 years. At each

capacity and fuel price state we solve for generator optimizing decision of whether to invest in

gas generation and/or retire coal generation and then find the vector of structural parameters
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that maximizes the simulated likelihood of the observed actions of investment and exit. These

methods are quite tractable in our setting since the utility optimizes as a single agent playing

against a fixed regulatory structure.

Note: The estimation of dynamic parameters is in progress.

5.2 Import Supply Curve and O&M Parameters

Within each year, the utility needs to make operations decisions to maximize profits, con-

ditional on its capacity and fuel price state. The utility takes this state, as well as hourly

load and each hour’s import supply curve, as given. While load is observed in the data, we

estimate import supply curves following Bushnell et al. (2008), Gowrisankaran et al. (2016),

and Reguant (2019). Specifically, we regress the quantity of electricity imported into the

utility on the import price, controlling for weather in the exporting region with heating and

cooling degree days and their squares in each state in the exporting region. We instrument

for import price in these regressions with the local electricity demand for the regulated utility.

We also assume that O&M costs for each fuel-technology type are known and fixed. We

take estimates of these costs from the literature (e.g. Linn and McCormack, 2019), and

assume that O&M costs are 15, 5, and 10 for coal, combined-cycle natural gas, and non-

combined-cycle natural gas, respectively in dollars per MWh of generation.

5.3 Operations Model Parameters

The remaining parameters that we need to estimate are γ, which is how the rate of return

changes with variable costs; αCOL, αNGGNC , which convert MWs of installed capacity into

relative MWs of capacity (relative to CCNG capacity, for which we normalized αNGGNC = 1;

α, which converts MWs of CCNG capacity into dollars; b, which measures the slope of the

used and useful criterion for coal generation; and ρCOL, ρCCNG, which are ramping parame-

ters by fuel. We estimate these parameters with an indirect inference approach (Gourieroux

et al., 1993). The idea behind indirect inference is that we would like to recover coefficient

estimates that allow our model to simulate data that matches correlations in the observed
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data.

While indirect inference is a form of generalized method of moments, it allows us to

specify which correlations in the data we would most like to match. We choose correlations

similar to the reduced-form evidence presented in Section 4. Note that we do not need

a causal interpretation of our indirect inference coefficients since we replicate relationships

in the data rather than directly estimating the structural parameters. Hence, we employ

different specifications from the reduced-form evidence.

The key concern with indirect inference is to choose correlations in the observed data

that capture the variation induced by utility optimizing behavior vis-à-vis the regulatory

structure. We run ten indirect inference regressions, which we summarize here and provide

additional details in On-line Appendix A.

Four of these are regressions on a constant term, meant to capture the scale of param-

eters. Specifically, we run a regression for each fuel (coal, combined-cycle natural gas, and

non-combined-cycle natural gas) of hourly utilization (generation divided by capacity) on a

constant. We use utilization instead of generation in levels because of the vast differences in

the scale of utilities for different fuels.

The fifth indirect inference regression captures how allowable rates of return vary with

utilities’ total variable costs. While we do not observe the maximum allowable rate of return,

s, a transformation of equation (3) gives us that stK
e = Revenuest − TV Ct, and we do

observe revenues, total variable costs, and capacities. The concern is then that effective

capital, as defined in equation (2), depends upon both used and useful considerations and

the value of MW of capacity as expressed in dollars. We, therefore, run a regression of

revenues net of total variable costs divided by total MW of capacity on total variable costs

and utility fixed effects. This is effectively a regression of the rate of return, with MW of

capacity proxying for effective capital.

While this regression controls for utility fixed effects to account for differences in base

year total variable costs, TV C0, we do not match these coefficients with indirect inference

and instead focus only on matching the coefficient on total variable costs. We view these

fixed effects as capturing features that are outside of our model, such as, for instance, high
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transmission costs for utilities where customers are spread out.

Our sixth regression aims to understand how capacity is valued directly, via the α pa-

rameters. This regression complements our fifth regression, which uses a proxy for effective

capital. In particular, our sixth regression is of total variable profits, Revenuet − TV Ct on

coal capacity, coal capacity interacted with coal utilization, combined-cycle natural gas ca-

pacity, and non-combined cycle natural gas capacity.5 One key point to note here is that α,

the conversion of MW of combined-cycle natural gas capacity into dollars of effective capital,

does not affect the operation decisions conditional on fuel-technology capacities, which are

fixed within a year. However, α does affect overall revenues (and therefore profits), so the

identification of α largely comes from the scale regressions.

The seventh and eighth regression are intended to capture utilities’ incentives to have the

regulator regard coal capacity as used and useful. The basic objective of these regressions

is to understand whether coal and combined-cycle natural gas have different incentives to

increase generation when total utilization of that fuel-technology’s capacity is low. The key

endogeneity concern here is that whether a utility uses a particular fuel-technology type in a

given hour will be connected to its overall utilization of that fuel-technology type via omitted

variables. We therefore look at hours where a utility is likely to be considering a combination

of both coal and combined-cycle natural gas generation.

Specifically, for the seventh regression, we calculate the log of the share of total generation

from coal and combined-cycle natural gas that is met by coal (following Berry, 1994). We

then look at hours where total load is between 75% and 125% of total combined cycle natural

gas capacity, so that the utility is likely to generate with a combination of fuels. For these

hours, we regress our logged coal share on quintiles of annual coal utilization, the coal price

per MMBtu minus the natural gas price per MMBtu, their interactions, and utility fixed

5Relative to the fifth indirect inference regression, this specification does not control for variation in TV C.
Therefore, the coefficients can be interpreted as incorporating both the α and the TV C terms. We explicitly
do not account for utility fixed effects in this regression because the variation in total capacity for each
fuel-technology type is somewhat limited within utilities. While this means that variation in the coefficients
in this regression comes largely from the cross-section, it also accounts for the fact that utilities with larger
capacities need larger payments to finance that capacity.
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effects.6 Identification of the utilization quartile coefficients therefore comes from variation

over time within a utility in the coal utilization.

Our eighth regression is similar, but examines the extra use of gas generation in a similar

window to the above. Here, we run a similar regression for the log of the combined-cycle

natural gas generation share, but for hours where load is between 75% and 125% of coal

capacity. From these two regressions, we match the coefficients on the first through fourth

quintile of utilization. This regression is meant as a falsification, since we do not expect gas

capacity to be subject to the used and useful standard.

Finally, the ninth and tenth regressions relate to the ramping costs for both coal and

combined-cycle natural gas capacity. The intuition behind these regressions follows from

Gowrisankaran et al. (2022), where ramping costs are identified by comparing hours where

continuation values given generation decisions are very similar, but past generation values

may differ. Specifically, we run two regressions, one for coal and one for combined-cycle

natural gas, where the dependent variable is hourly utilization (the share of capacity that

is generating) and the independent variables are the hourly generation from the previous

hour, coal and gas fuel prices, and six hourly future values of load, the import intercept, and

the electricity price. Our indirect inference approach only matches the coefficient on lagged

generation in each regression to the results generated from the model.

To implement our indirect inference estimation approach, we begin by estimating these

ten regressions in our data and recovering the coefficient and their standard errors. We then

choose a candidate parameter vector and solve the operations model to generate data for each

utility and year. We use these simulated data to run the same regressions and recover the

coefficients and standard errors of interest. Finally, we search over parameter values using

a non-linear search for the vector of values that best matches the coefficients and standard

errors across the two sets.

This indirect inference approach also requires us to choose a weighting matrix to determine

how differences across moments will be summed. We use a weighting matrix based on on the

variance-covariance matrix of the regressions on the actual data above, where all regressions

6We define the quintiles of utilization across all utility-years where the utility has positive coal capacity.
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are clustered at the utility level, and the hourly regressions are also clustered at the month-

of-year and hour-of-day. We assume that there is no covariance across regressions.

5.4 Identification

Identification of the model follows from the intuition that changing fuel prices change utilities’

incentives to retire and invest in new technologies and generate using different fuels, and

that these incentives will vary across utilities. The fracking boom in the U.S. had led to

substantial changes in the dispatch order by 2010, with combined cycle natural gas generators

becoming less expensive than coal generators. This variation in fuel prices combines with

differences in utilities’ fuel-technology capacity investments before the fracking boom to allow

us to understand how utilities trade off decreasing total variable costs—by running their

least expensive fuel-technology capacities—versus using coal enough to guarantee that the

regulator considers coal capacity used and useful.

Imagine a utility with a mix of coal and combined cycle natural gas capacity. Early in

our sample, when natural gas prices were high, this utility would have generated with coal

first, and only use natural gas when electricity demand is high. After natural gas prices fell,

the utility faced conflicting incentives: it wanted to run natural gas generators in order to

keep total fuel costs low and be allowed a higher s, but it also wanted to continue sufficiently

using—and not retire—coal generators to increase its effective capital. Thus changes in

fuel prices differentially affect utilities with different types of initial capacity, marginal costs

by fuel-technology, and import costs, which helps identify the parameters that determine

operation and retirement decisions.

Finally, the extent to which utilities choose to continue operating coal capacity given

differences in expected profits with lower levels of coal capacity identifies the average exit

costs for coal. The extent to which utilities choose to delay entry for combined-cycle natural

gas—even when profits are potentially higher with additional natural gas capacity, which

can reduce total variable costs—identifies the average investment costs for combined-cycle

natural gas. The extent to which there is heterogeneity in differences in profit with investment
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or exit across utilities who choose to invest or exit identifies the standard deviation of the

investment and exit cost shocks, respectively.

6 Results

6.1 Operations Model Results

Table 3 presents the indirect inference regression coefficient estimates from the data and from

the model simulated using the estimated structural parameters. Table 4 presents preliminary

structural parameter estimates for the operations model. For our preliminary results, we use

a subsample of 26 weeks for each utility/year in the data.

The first three indirect inference regressions seek to match the levels of coal, CCNG, and

NCCNG utilization, respectively. Our preliminary structural parameter estimates overstate

coal utilization, reporting that coal is used 94.4% of the time, while the usage is 52.1% in the

actual data, and understate CCNG utilization, with 11.6% utilization versus 35.7% in the

actual data. Because of these results, we plan to improve the operations model to improve

power plant decisions. We will also consider modifying our model to cap the return on

coal utilization at some level of utilization. Our structural parameter estimates fit NCCNG

utilization very closely.

Our fourth indirect inference regression matches the level of utility revenues. The model

predicts that average utility-year revenues are 1.2 billion dollars, while the average is 875

million in the data. The fifth indirect inference regression matches the relationship between

total variable costs and a proxy for the maximum allowable rate of return. The model and

data match this relationship very closely, with coefficients of 0.028 in both cases. These two

regressions help us identify the structural parameter estimate of γ, the rate-of-return penalty

from having high total variable costs. From Table 4, we find that γ = 0.724.

The sixth indirect inference regression relates realized variable profits (Revenuet−TV Ct)

to fuel-technology capacities and coal capacity interacted with utilization. For most coeffi-

cients, the model and the data are quite close. In particular, the model and data both predict
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Table 3: Indirect Inference Coefficient Matching

Reg
# Dependent Variable Regressor Actual Data Simulated Data

1-3 Utilization Levels:
Coal Constant 0.521 (0.032) 0.944 (0.079)
CCNG Constant 0.357 (0.040) 0.116 (0.032)
NCCNG Constant 0.082 (0.023) 0.083 (0.015)

4 Utility Revenue Level:
Constant 874.789 (350.86) 1223.9 (423.43)

5 s proxy: (Revenuet − TV Ct)/
∑

f Kf

Total Variable Cost -0.0282 (7.26e-3) -0.0283 (1.68e-3)
6 Variable Profits: Revenuet − TV Ct

Coal Capacity (MW) -0.381 (0.268) -0.398 (0.215)
Coal Capacity × Utilization 0.651 (0.279) 0.651 (0.231)

CCNG Capacity 0.259 (0.024) 0.257 (0.07)
NCCNG Capacity 0.097 (0.210) 1.219 (0.69)

7 Log Coal Share:
First Quantile Coal 0.083 (0.422) 0.000 (0.00)

Second Quantile Coal 1.587 (0.447) 2.609 (0.331)
Third Quantile Coal 1.610 (0.397) -0.353 (0.147)
Fourth Quantile Coal 1.223 (0.121) -0.250 (0.078)

8 Log CCNG Share:
First Quantile CCNG -2.361 (0.355) 0.000 (0.00)

Second Quantile CCNG -1.069 (0.243) -0.463 (0.147)
Third Quantile CCNG -0.3875 (0.185) -0.289 (0.098)
Fourth Quantile CCNG 0.090 (0.217) -0.231 (0.069)

9-10 Ramping:
Coal Utilization Lagged Coal Utilization 0.978 (0.003) 0.966 (0.002)
CCNG Utilization Lagged CCNG Utilization 0.971 (0.006) 0.970 (0.003)

Note:
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Table 4: Structural Parameter Results

Parameter Notation Value
Penalty for High TV Ct γ 0.7235

Coal Capacity Contribution to Effective Capital αCoal −0.4598

NCCNG Capacity Contribution to Effective Capital αNCCNG 0.0048

Dollars of Effective Capital per MW of CCNG Capacity α 187.2091

Benefit of Coal Utilization b 2.2594

Ramping Cost for Coal ρCoal 16.1723

Ramping Cost for CCNG ρCCNG 0.0432

that coal capacity would have a negative impact on realized variable profits for the regulated

utility if we extrapolate to zero coal utilization, with values of −0.38 and −0.40 in the data

and model respectively. The slope of profits with respect to coal utilization are also similar

for the model and the data, at 0.65 in both cases. These two values help to identify both the

contribution of coal to effective capital at zero utilization, αCOL and the benefit of increasing

coal utilization, b. We recover a structural parameter estimate of −0.46 for αCOL and of 2.26

for b. This suggests that utilities need keep coal utilization above 20% in order to have coal

contribute positively to effective capital.

The model and data also generate very similar coefficients of 0.26 for the relationship

between CCNG capacity and variable profits. This relationship help identify the α structural

parameter, which converts MW of CCNG capacity into dollars of effective capital. Recall

that we have normalized αCCNG to one. We estimate a structural α parameter of 187.21,

suggesting that each MW of CCNG capacity—or the comparable amount of coal or non-

combined-cycle natural gas capacity—will generate $187 million in additional effective capital

for the utility. Finally, the sixth indirect inference equation also relates NCCNG capacity to

variable profits. This relationship is not particularly well fit in the current specification, with

a coefficient of 1.22 for the model relative to a coefficient of 0.10 in the data. We estimate a

related αNCCNG structural parameter of 0.005.
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Comparing the three αf coefficients is informative about the relative contributions of

capacity using each fuel-technology type. Relative to αCCNG = 1, coal needs to be used 65%

of the time to make the same contribution to variable profits per unit of capacity. This result

likely stems from the fact that coal plants tend to be older than combined-cycle natural

gas plants, which would mean that more of their initial capital has already depreciated and

therefore requires lower capital reimbursement each year.

Indirect inference regressions seven and eight relate the share of coal and combined-cycle

natural gas generation that comes from each fuel to quantiles of the utilization of that fuel

over the year. These regressions further help to identify the extent to which used and useful

changes the incentive to generate electricity with coal, the structural parameter b discussed

above. Currently, the model is not fitting these correlations particularly well. Since we only

run the coal regression for hours of the year where load is close (75%-125%) to the NGCC’s

capacity (and vice versa), we do not have any hours in our 26-hour sample that fit this

criterion for utilities with coal or natural gas utilization in the lowest quintile.

Finally, the ninth and tenth indirect inference regressions relate hourly coal and natural

gas utilization to lagged utilization. The model matches the data correlations quite well,

with coal coefficients of 0.98 and 0.97 for the data and model, respectively. For combined-

cycle natural gas the coefficients are 0.97 for both the data and model. These regressions

help to identify the ramping cost structural parameters, ρCOL and ρCCNG. We estimate that

ρCOL = 16.17 and ρCCNG = 0.04, which reflects the well-established fact that ramping costs

are substantially higher for coal than for combined-cycle natural gas.

6.2 Counterfactuals

Table 5 presents a preliminary assessment of the importance of the used and useful parameter

b in our model. The first column presents some key average values of data simulated from

our baseline model. We include production by major fuel sources and imports, utilization

by these fuels, and the major sources of utilities’ costs. The second column replaces the b

parameter in our model with one-half its estimated value. It also adjusts the αCOL parameter
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so that at the mean coal utilization in the data, the contribution of coal capacity to effective

capital is the same as in our baseline model. This gives utilities half as much marginal

incentive to use coal capacity while maintaining average incentives.

With the used and useful incentive halved, we find that coal generation decreases by 5.1

percent, CCNG generation increases by 3.2 percent, and imports increase by 27.2 percent.

This suggests that the used and useful standard is leading to an increase in coal use. Fur-

ther, we find that when this marginal incentive is reduced, the utility mostly substitutes for

decreased coal production with relatively inexpensive imports from other utilities. Interest-

ingly, although variable costs decrease by 4.8 percent, profits also decrease by 12.2 percent,

which emphasizes the social cost of maintaining the used and useful standard.

The final column of Table 5 doubles the incentive to increase coal utilization, again leaving

coal’s contribution to effective capital the same at the average utilization rate at the data.

Unsurprisingly, we find that coal generation increases (2.7%), combined-cycle natural gas

generation decreases (0.2%), imports decrease (14.9%), total variable costs increase (4.0%),

and profits increase (9.4%) relative to the baseline. These changes are less substantial than

the difference between the baseline and the case where the used and useful incentive is halved

because coal is approaching full utilization, so there is relatively little additional margin for

adjustment.

6.3 Investment and Exit Model Results

IN PROGRESS

7 Conclusion

In this paper we investigate how the electric utility regulation framework affected the en-

ergy transition from coal generation to natural gas generation. To do this, we extend the

canonical model of Averch and Johnson (1962) to incorporate regulator disutility for high

costs, incentives for utilities to assure that capital is “used and useful,” and dynamic capital

investment decisions.
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Table 5: Counterfactual Simulations

Fuel type Baseline Half U&U Double U&U
Mean Annual Electricity Production (GWh):

Coal 16908.3 16043.3 17368.2
CCNG 882.4 910.7 880.4
Imports 2613.9 3325.1 2225.1

Mean Utilization Share:
Coal 0.94 0.88 0.97

CCNG 0.11 0.11 0.10
Mean Annual Variable Costs (Millions of Dollars):

Total 1513.7 1441.4 1574.7
Coal Fuel Costs 870.4 824.2 894.4

Coal Ramp Costs 1.26 2.23 0.65
Coal O&M Costs 516.9 490.5 531.0
CCNG Fuel Costs 54.16 55.35 54.0

CCNG O&M Costs 9.0 9.3 8.98
Import Costs 265.52 252.75 294.82

Profits (Millions of Dollars):
1207.1 1059.6 1321.0

Note: Authors’ simulations from estimated model. Baseline column presents model values at
estimated parameters and other columns present model values at counterfactual parameters
that change utilities’ used and useful incentives for coal utilization.
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We find evidence that regulators reduce utilities’ allowable rate of return when costs

increase. We also find that utilities make generation decisions that are consistent with higher

coal utilization increasing their profits. The combination of these two factors creates a tension

where utilities would like to generate with (higher marginal cost) coal generators in order to

increase coal capacity’s contribution to effective capital, but also would like to keep fuel and

ramping costs low. If the regulatory framework were altered to reduce the marginal incentive

to use coal capacity by 50%, total variable costs go down by 4.8% but profits also decrease

by 12.2%.

In ongoing work, we will estimate the investment costs of combined-cycle natural gas

capacity and the exit cost for coal capacity. This will allow us to more fully capture the

effect of this regulatory structure on industry investments and emissions over the medium

run. We also plan on simulating counterfactual scenarios for the on-going transition from

combined-cycle natural gas to renewable electricity generation in order to understand how

regulation affects the pace of this important energy transition.
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