Technology Lock-In and Costs of Delayed Climate Policy”

Jonathan T. Hawkins-Pierot Katherine R. H. Wagner
Consumer Financial Protection Bureau University of British Columbia
jonathan.hawkins@cfpb.gov katherine.wagner@ubc.ca

September 3, 2024
Click here for latest draft

Abstract

This paper studies the implications of current energy prices for future energy efficiency and
climate policy. Using U.S. Census microdata and quasi-experimental variation in energy prices,
we first show that manufacturing plants that open when electricity prices are low consume more
energy throughout their lifetime, regardless of current electricity prices. We then estimate that
a persistent bias of technological change toward energy can explain the long-term effects of
entry-year electricity prices on energy intensity. Overall, this “technology lock-in” implies
that increasing entry-year electricity prices by 10% would decrease a plant’s energy intensity
of production by 3% throughout its lifetime.

*We thank Jason Abaluck, Joe Altonji, Steve Berry, Brian Copeland, Claudio Ferraz, Matt Kotchen, Arik Levin-
son, Rohini Pande, Jacquelyn Pless, Nick Ryan, Joe Shapiro, Stephanie Weber, and seminar participants at Arizona
State University, Bank of England, CESifo Area Conference on Energy and Climate Economics, Coase Project
Conference, Columbia/Cornell/MIT, Federal Reserve Bank of San Francisco, Georgia State University, Harvard Uni-
versity, Monash University, London School of Economics, Paris School of Economics, Santa Clara University, the
Stanford Institute for Economic Policy Research (STEPR), University of Calgary, University of Chicago, University
of Toronto, University of British Columbia, University of Oslo, and the UC Berkeley Energy Camp for helpful dis-
cussions, Kendra, Marcoux, Andrew Tang, and Benji Reade Malagueno for excellent research assistance, and the
Cowles Foundation, the Yale Economic Growth Center, and SIEPR for funding. Any views expressed are those of
the authors and not those of the Consumer Financial Protection Bureau, the U.S. Census Bureau, or the United
States. The Census Bureau’s Disclosure Review Board and Disclosure Avoidance Officers have reviewed this infor-
mation product for unauthorized disclosure of confidential information and have approved the disclosure avoidance
practices applied to this release. This research was performed at a Federal Statistical Research Data Center under
FSRDC Project Number 2309. (Release numbers CBDRB-FY21-P2309-R8908, CBDRB-FY21-P2309-R9137, and
CBDRB-FY22-P2309-R9520) This paper previously circulated under the title “Technology Lock-In and Optimal
Carbon Pricing”. Contact: Hawkins-Pierot: Consumer Financial Protection Bureau, 1700 G St. NW, Washington,
DC 20552; Wagner: University of British Columbia, Vancouver School of Economics, 211-6000 Iona Dr, Vancouver,
BC V6T 11L4.


mailto:jonathan.hawkins@cfpb.gov
mailto:katherine.wagner@ubc.ca
http://www.krhwagner.com/papers/carbon_lockin.pdf

1 Introduction

Do inefficiently low energy prices today reduce the effectiveness of carbon pricing in the future?
Abundant fossil fuel resources priced below their social cost have set industrial economies on a path
of energy-inefficient development and rising anthropogenic carbon emissions. Current global energy
infrastructure comprises tens of trillions of dollars of assets and reflects two centuries of technolog-
ical innovation—and approximately 80% of energy produced comes from burning fossil fuels that
contribute to climate change (Seto et al., 2016). Climate change impacts such as extreme tempera-
tures, hurricanes, and wildfires are now causing billions of dollars of economic damage annually, but
carbon pricing policies intended to curb greenhouse gas emissions continue to face global opposition.
In the United States, over fifty carbon pricing bills have been introduced by Congress in the last
three decades; none has passed. Jurisdictions that have successfully implemented carbon pricing
schemes, such as the European Union and Canada, struggle to set prices that fully internalize the
social costs of energy consumption. Some policymakers have despaired at the political feasibility of
such reforms, instead proposing alternative policies such as clean energy subsidies and technology
standards (Shearer and Nace, 2010). Current U.S. government proposals, for example, earmark
over $400 billion for subsidizing industrial energy efficiency improvements (DNC, 2021).

In the absence of such policies, global energy usage is projected to increase by more than 50%
by mid-century. The increasing trend in energy usage is even steeper in developing countries such
as India and China, which are opening the equivalent of one new coal power plant every week
(Myllyvirta and Shearer, 2021). The largest consumer of this energy is the industrial sector, and
the durable nature of capital means that many energy-inefficient manufacturing plants that open
when energy is dirty and cheap will contribute to global emissions for many years (EIA, 2019). The
effects of inefficiently low energy prices on future industrial energy efficiency, which we refer to as
“technology lock-in”, are relevant for currently proposed policies. Quantifying the magnitude and
duration of lock-in and understanding its causes are necessary to predict industrial responses to
climate policies and to efficiently design them to counteract lock-in.

This paper estimates the extent to which the energy prices that manufacturing plants pay in
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consequences of this technology lock-in. When a plant enters the market, it chooses a combination
of factor inputs to use in production based on entry-year prices and beliefs about future prices. We
quantify the magnitude and persistence of the effects initial energy prices have on manufacturing
energy usage, and mechanisms for these effects. From a policy perspective, ignoring the dynamic
effect of current energy prices on future energy use understates the benefits of pricing carbon
today. If new plants choose different underlying production technologies based on initial prices,
then incentivizing the initial adoption of energy-efficient technologies may play an important role
in reducing energy usage. If incumbent plants can’t reoptimize their energy usage largely due to
capital adjustment costs, then targeted technology subsidies may be a priority to encourage the
turnover of energy-inefficient capital.

The first part of this paper provides empirical evidence on the existence and duration of technol-
ogy lock-in. To do so, we assess how initial electricity prices affect manufacturing plants’ long-run
energy intensity, conditional on current prices. We measure plants’ energy intensities (i.e., energy
use per dollar revenue) and input prices using restricted-access microdata from the U.S. Census
of Manufactures (CMF) and the Annual Survey of Manufacturing (ASM) for the years 1976 to
2011. Since electricity prices may be correlated with other shocks to manufacturing plants’ input
demands, we use shift-share instruments to isolate plausibly exogenous price variation (Bartik, 1991;
Goldsmith-Pinkham et al., 2020). The instruments exploit national changes in coal, natural gas,
and petroleum prices, weighted by each state’s use of these fuels to generate electricity in a base
year (Ganapati et al., 2020). As an alternative measure of lock-in, we also directly examine how
the prevailing prices of these fuels in plants’ entry year affect subsequent energy intensity. Many
industrial climate targets are set in energy intensity terms, rather than energy use or emissions, to
balance emissions reductions with economic growth (Stern and Jotzo, 2010), but we show that the
results are robust to estimation using alternative energy use definitions, different data subsamples,
and different energy data sources.

Motivated by this empirical evidence, the second part of the paper studies the causes of this
technology lock-in. We separately quantify the extent to which lock-in arises because plants that
enter at different energy prices use different production technologies and because capital adjustment

costs constrain their subsequent input choices. To do so, we estimate the parameters of plants’



production technologies and the relative productivities of different manufacturing inputs at entry
and in subsequent years. We obtain our productivity estimates by applying models of production
functions with input-specific productivities that have been used to estimate labor productivity to
energy instead (Demirer, 2020; Doraszelski and Jaumandreu, 2018). The model allows us to quantify
the efficiency of plants’ energy inputs in each year of operations. Using these estimates, we assess
whether entry-year electricity prices lead to different productivity biases toward specific inputs and
whether any differences persist over time.

These analyses yield two primary results. First, technology lock-in is important in manufactur-
ing production and remains important throughout the lifetime of manufacturing plants. We show
that plants’ entry-year electricity prices are significant determinants of current energy intensity,
even conditional on current prices. While energy intensity declines when contemporaneous electric-
ity prices increase, we estimate an initial electricity price elasticity of approximately -0.25—about
one-third of the elasticity with respect to current electricity prices. The estimates are similar in sign,
magnitude, and precision when estimated using electricity intensity only or using estimates that al-
low for substitution between fuels. In addition, we show that the entry-year prices of fuel inputs into
electricity generation themselves have persistent effects on manufacturing energy intensity. Sepa-
rate analysis of the contributions of the prices of different raw fuels reveals that entry-year coal and
petroleum prices continue to be important determinants of energy use. Specifically, manufacturing
plants established when coal and petroleum were cheap are still consistently more energy-intensive.
The persistent effect of these fuel prices on manufacturing energy intensity is surprising because
electricity generation in the U.S. is much less reliant on these fuels today. These findings underscore
the long-run effects of development based on cheap fossil fuel energy and the emissions implications
of expansion of fossil fuel power plants: dirty capital investments undertaken in response to current
cheap coal prices around the world seem likely to lock in higher emissions levels in the future as
long as electricity generation continues to rely on fossil fuels.

We find limited heterogeneous effects of initial electricity prices by plant age, which suggests
that these entry-year prices remain important throughout a plant’s lifetime. The magnitude of our
entry-year price elasticity suggests that a carbon price corresponding to a 10% increase in a plant’s
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additional costs of delayed action on carbon pricing arise because entrants who choose production
technologies based on current prices choose dirtier technologies than they otherwise would, and can-
not subsequently fully adjust them. Of course, energy-inefficient plants may close if prices increase
substantially, which motivates using our estimates of plants’ production functions to directly assess
the extent to which plants can adjust their production processes over time.

The second main results show that persistent differences in the relative productivity of energy
inputs are able to explain much of the effect of initial electricity prices on subsequent manufacturing
energy use. We estimate that a 10% increase in entry-year electricity prices increases relative energy
productivity by approximately 3% in subsequent years. Conversely, we find no evidence that entry-
year electricity prices have long-term effects on total factor productivity. These results suggest
that when electricity prices are low, new manufacturing plants chose production technologies that
use energy inputs relatively less efficiently compared with their labor inputs, and this productivity
bias persists even if electricity prices change in the future. This evidence on the causes of lock-in
suggests that incentivizing the initial adoption of energy-efficient technologies may be at least as
important as subsidies to reduce capital adjustment costs later on.

This paper makes three primary contributions to existing literature. First, we provide the
first estimate of the importance of entry-year energy prices for industrial energy use in subsequent
years. In addition to quantifying this technology lock-in and showing how persistent it is, we
explain how it arises. Previous “efforts to characterize the types and causes of carbon lock-in,
or to quantitatively assess and evaluate its policy implications, have been limited and scattered
across a number of different disciplines” (Seto et al. (2016), p. 425).! Our findings contribute to a
growing literature on how different initial conditions mediate transitions from dirty to clean energy
(i.e., path dependence). Several papers in this literature use macroeconomic dynamic models and
more aggregate data to study incentives to develop clean energy technologies, typically simulating
how changes in energy prices affect carbon emissions through innovation (Acemoglu et al., 2012;
Acemoglu et al., 2019; Atkeson and Kehoe, 1999; Fried, 2018; Hassler et al., 2012). Other work uses

microdata, particularly from the electricity sector, to show that initial regulatory structure and fuel

'In the climate context, the literature refers to technology lock-in as “the inertia of carbon emissions ... associated
with the technologies and infrastructure that indirectly or directly emit CO2”, which is distinct from carbon lock-in
arising from behavioral or institutional constraints more commonly studied by sociologists (Seto et al. (2016), p.427).



mix choices are important determinants of subsequent fuel use (Cullen and Mansur, 2017; Knittel
et al., 2015; Meng, 2021) and to compare the energy intensity of new manufacturing plants, in their
entry year, to incumbents (Linn, 2008). Relative to this literature, our contribution is to show that
the effects of entry-year energy prices persist in years after entry and, indeed, throughout a plant’s
lifetime. In addition to estimating this entry-year price elasticity, we depart from these other studies
by estimating the contribution of initial productivity differences to creating this lock-in.

Second, this paper contributes to literature that models the responses of industrial energy use
and productivity to environmental regulation. Research using microdata to study industrial re-
sponses to environmental policy typically analyze the dynamics of one industry (e.g., cement or
electricity) over the long-run (Fowlie et al., 2016; Meng, 2021; Ryan, 2012; Clay et al., 2021) or
use static models to study different contemporaneous effects across many industries (Calel, 2020;
Colmer et al., 2021; Ganapati et al., 2020; Greenstone et al., 2012; Shapiro and Walker, 2018). Our
contribution is to bring these two literatures together to provide a new generalizable explanation for
why some of the dynamic responses arise. Using our estimates of the relative productivity of energy,
we show that a carbon price at entry or in later years reduces energy use by inducing improvements
in the productivity of energy inputs, consistent with directed technical change. Classic models of
capital investment emphasize that capital adjustment frictions may constrain changes in input mix,
but we identify that persistent productivity differences appear to be at least as important as this
more common explanation for lock-in (Atkeson and Kehoe, 1999; Pindyck and Rotemberg, 1983).

Finally, we provide a new microfoundation for the abatement cost function frequently used in
standard models of climate-economy interactions. These Integrated Assessment Models (IAMs) are
the basis for calculating the full social cost of carbon emissions and for evaluating national and
international climate policy recommendations. Despite their widespread use in regulatory analyses,
economists have criticized these models for allowing “a great deal of freedom in choosing functional
forms, parameter values, and other inputs” and for “lacking transparency in key underlying as-
sumptions, such as energy resource costs, constraints on technology take-up, and demand responses
to carbon pricing” (Pindyck, 2020, p.863; Gambhir et al., 2019, p.5). Standard models extrapo-
late future rates of decarbonization based on past decarbonization trends, which may inaccurately

represent attainable emissions reductions resulting from a new carbon price if lock-in is important.



We provide a novel estimate of the response of industrial carbon emissions to emissions constraints
assumed in climate-economy models, which is “the most important calibration for policy purposes”
(Nordhaus and Boyer, 2000, p.44).

The rest of this paper proceeds as follows. Section 2 provides background on energy use in U.S.
manufacturing to contextualize the analysis. Section 3 presents a conceptual framework outlining
how technology lock-in might arise. Section 4 describes the data. Section 5 discusses our econometric
model for identifying technology lock-in and Section 6 presents our empirical evidence of it. Section

7 discusses the implications for climate change policy. Section 8 concludes.

2 Institutional Background

Manufacturing accounts for about one-quarter of total U.S. energy consumption and one-quarter of
total U.S. greenhouse gas emissions. Energy consumption in the industrial sector, which comprises
manufacturing, mining, construction, and agriculture, is increasing both in absolute terms and as
a share of total consumption, and this sector accounts for almost all of the predicted increase in
U.S. energy use in the next decade (EIA, 2015; EPA, 2021). Electricity comprises the majority of
manufacturing energy inputs; a subset of manufacturing plants use other sources of energy, such
diesel fuel, as direct inputs. On average during this study’s time period, electricity expenditures
account for approximately 75% of total expenditures on energy inputs and 95% of quantity of ther-
mal energy consumed (measured in British thermal units, or BTUs).? Self-generation of electricity
on-site only accounts for 0.1% of electricity consumption. By contrast, manufacturing plants in de-
veloping countries such as India are typically more reliant on raw fuel inputs and on-site generation
of electricity (Allcott et al., 2016).

The amount and type of energy used depend on plants’ production processes. Primary uses
include powering production machinery and fueling boilers, while secondary uses include heating
and cooling, lighting, on-site transportation, and direct inputs into the finished product (Ganapati
et al., 2020). Improving the energy efficiency of many of these manufacturing processes requires

replacing equipment or machinery. For example, upgrading an energy-inefficient turbine involves

2These estimates, and our analysis, exclude feedstock materials, such as petroleum inputs into oil refining. Natural
gas is the most important energy input among these feedstock fuels.



pausing or re-arranging operations to install an expensive replacement, and such capital adjustment
costs create the possibility for technology lock-in. If energy-inefficient machinery is installed when
energy prices are low, incurring these adjustment costs to replace it may only be worthwhile if
energy prices increase substantially. Other changes in plants’ energy use may occur independently
of capital adjustment, including changes in facility operations, such as heating and cooling, sched-
uled downtime, and improvements in the application of thermal resources (e.g., temperature and
duration) resulting from energy efficiency audits.> Manufacturing energy policy typically does not
differentially regulate plants based on their entry date and is administered by a mix of federal, state,
and local governments that usually target specific industries or technologies. Landmark federal in-
dustrial environmental regulations, such as the Clean Air Act, more commonly target pollution that
is the by-product of energy use rather than targeting energy efficiency directly (NREL, 2009).

Though non-electricity energy sources account for a small portion of direct energy inputs, the
production of the electricity consumed by manufacturing involves important indirect use of raw
fuels.* At the start of our sample in 1976, electric utilities in the U.S. generate electricity using coal
(40%), natural gas (12%), petroleum oil (21%), hydro (15%), and other renewable sources. Ap-
pendix Figure A.4 shows that the contribution of different fossil fuel sources to electricity generation
varies widely across U.S. states in 1976, while Appendix Figure A.2 shows that the contribution of
these different fuels has changed substantially at the state-level since then. The use of petroleum
in electricity generation has declined almost everywhere and it is barely used today. Coal use
has also declined, though less steeply than oil. Natural gas generation, by contrast, has increased
substantially since the fracking boom in the 2000s.

Local electricity rates depend on the national prices for prevailing fuel inputs, as well as distances
to procurement sources. Electric utilities have distinct regional markets that typically comprise a few

states and include inter-state trade, and in 2011 industrial users paid between 0.04 and 0.28 dollars

3The National Association of Manufacturers (NAM) specifies that 30% of energy cost savings in manufacturing
can be achieved without capital investment, with larger savings possible if capital investment occurs (NAM, 2014).

4We note that our analysis focuses on technology lock-in downstream in the manufacturing sector, rather than
upstream in the electricity sector, which is excluded from the Census manufacturing surveys. The electricity sector
may be subject to lock in as well due to the similar durable nature of capital investment in those plants, though we
anticipate that the production functions of electric utilities may look substantially different due to the larger role
that fuel switching plays for electric utilities (Meng, 2021).



per kWh for electricity on average (EIA, 2020).° Policy discussions emphasize raising industrial
energy prices to meet emissions targets, while the discourse surrounding residential electricity prices
is more mixed due to the presence of already high fixed charges that are largely absent in industry
(Borenstein and Bushnell, 2022; Hawkins-Pierot and Wagner, 2024). Figure 2 shows that the
average electricity price paid by the industrial sector varies widely over our sample time period,
generally trending downward until the late 1990s before increasing back to its 1976 level. These
changes in electricity prices track the trends in the prices of raw fuels used to generate electricity,
shown in Appendix Figure A.3. Since 1976, petroleum prices have tripled, while coal and natural
gas prices have risen less steeply over this same time period. In what follows, we exploit variation

in the national prices of these raw fuels to construct instruments for electricity prices.

3 Conceptual Framework

The goal of this section is to illustrate how technology lock-in might arise in the manufacturing
sector. We use a stylized model of plant entry, exit, and capital investment (Atkeson and Kehoe,
1999; Pindyck and Rotemberg, 1983), to which we introduce the importance of entry-year input
productivities for energy use. If technology lock-in is important, then plants that enter at lower
energy prices will be persistently more energy-intensive today. In this section, we use a simple two-
period model of myopic manufacturing plants to show how lock-in can arise through two channels:
selection on productivity and capital adjustment costs. Appendix A shows that the same intuitions
carry over to a richer multi-period model under a range of assumptions about plant expectations
of future energy prices. Appendix A also derives the comparative statics predictions that underlie

the simulation results that we discuss here.

5 Appendix Figure A.4 and Appendix Figure A.2 include differences in generation sources from any trade across
network exchanges.



3.1 A Model of Lock-In

For illustration, consider a model where a plant has a constant elasticity of substitution (CES)

production technology:
Y (K, L, E;w? W) = w? (Kp—i-L'”jL(wEE)p)% (1)

where K, L, and F are the quantities of capital, labor and energy inputs, respectively, o = %p is
the elasticity of substitution between energy and capital, v € (0, 1] is a returns to scale parameter,
w! is Hicks-neutral total factor productivity, and w” captures the productivity of energy relative to
labor.% Modelling w® will allow us to capture differences in initial design choices and improvements
to the productivity of energy inputs from energy audits or maintenance, for example (Ryan, 2018).
Labor and energy are assumed to be fully flexible static inputs, chosen optimally in each period.
As detailed below, an incumbent plant’s level of capital is only partially flexible due to non-linear
adjustment costs. Here, the relative productivity of energy, w”, is fixed at entry and is fully locked
in.”

A potential entrant ¢ draws productivity levels w! and w and chooses capital, labor, and energy

inputs to maximize profits:
II{I}E%W(K,L,E;LUZH,LU?) = pY (K, L, E;w wF) —rK —wL — p"E

The potential entrant chooses to enter if profits exceed the fixed costs of entry, that is if:
™ (p,w,r, pp; wl , wF) = pY(K*,L*, E*) —wL* —rK* —pPE* > F

In this equation, L* and E* solve the static profit maximization problem and F'is the fixed entry

6We estimate a CES production technology rather than the more common Cobb-Douglas or translog functions to
allow complementarity between inputs and factor-specific productivities. Neither Cobb-Douglas or translog functional
forms admit both of these characteristics, which are both needed to capture the two lock-in channels that we discuss.
If p = 0, CES is equivalent to the Cobb-Douglas specification. In this case, input expenditure shares are fixed and
capital stocks do not affect the optimal energy input.

"In the empirical specification, we estimate a richer model where we allow total factor and energy-specific produc-
tivities to evolve over time following AR(1) processes and prices to be fully flexible. We discuss estimation details in
Section 5.2.



cost. We assume that the capital stock K™ is fully flexible on entry, subject to a linear capital rental
rate 7. To simplify notation and isolate the role of changes in the relative price of energy p¥ in this
example, we set the price of output p, the wage w, and the rental rate of capital r to be equal to
one.®

The first channel through which lock-in arises is the selection effect on the productivity of
plants that choose to enter in the first period. All else equal, higher energy productivity increases
plants’ profitability and, by extension, the likelihood that a plant chooses to enter. This induces
selection: if energy is cheap, it is profitable for plants with low energy productivity to enter. As
we show in Appendix A, when complementarity between inputs is sufficiently strong, plants with
lower energy productivity will use more energy per unit of output. The cutoff energy productivity
level determines the distribution of energy productivity w¥ for plants that entered in a period with
energy price p. The cohort-average energy productivity is increasing in the initial energy price p¥
because the cutoff is increasing in p¥. If plants’ energy productivity is persistent, entry-year energy
prices will be important determinants of their energy intensity in the future.

Capital adjustment costs provide the second channel through which lock-in arises. Plants that
enter earn their first period profits and continue to the second stage with their current capital stock,

K. At the end of period one, plants observe prices in the next period and choose their capital in

the next period, K’, to solve:

(K pP  wF) — g — (K — K) — (K — K)? i K'#K
II}(&/X

(K pP' wF) otherwise

Here, 7* (K ; p¥, wP) is the maximum profit if capital is fixed at K, given prices and productivity. In
addition to the cost of capital r, 7y and v, are fixed and convex adjustment costs, respectively. The
fixed cost of capital adjustment, 7y, implies that it may not be profitable for plants to re-optimize
their capital in response to small energy price changes. The convex adjustment cost, v, implies that
while plants may invest in response to larger prices changes, they will only partially close the gap

relative to frictionless entrants because large capital investments are increasingly more costly than

8 Appendix A.2 discusses the model calibration in greater detail.
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small ones. If capital and energy are complementary in the plant’s production function, incomplete
adjustment of capital stocks due to these additional costs attenuates the response of energy intensity
to changes in energy prices, leading to lock-in.

Incumbent plants will shut down if their scrap value exceeds their profit: 7* < S. As with entry,
there is a cutoff value such that, for a given energy price p¥, plants with energy productivity below
this value will exit. As the least efficient plants exit, cohort-average energy productivity will rise.
However, if scrap values are lower than entry costs, then the exit cutoff energy productivity will
be below the entry cutoff and incumbents will, on average, have higher energy intensity than new
entrants.

Figure 1 plots simulated current energy intensity as a function of energy prices at entry in
this model. The three downward-sloping lines measure the energy intensity of incumbent plants
relative to the energy intensity of entrants under different assumptions about the structure of capital
adjustment costs. The x-axis plots the price of energy in the first period when incumbents entered,
relative to today’s price. Conditional on current energy prices, entrants today don’t take into
account energy prices in the past, and so energy intensity of new entrants is flat and we normalize
it to be one. The downward slope of the energy intensity of incumbents indicates lock-in: plants
that opened when energy was cheap are persistently more energy-intensive today.

This lock-in arises under all three capital adjustment cost scenarios. First, the blue, long-dashed
line plots the magnitude of lock-in for plants that cannot adjust their capital stock. The only margins
of adjustments are changing energy and labor inputs or exiting. This represents an extreme case
of lock-in. Second, the orange, short-dashed line plots lock-in for plants that can partially adjust
capital, subject to both fixed and convex capital adjustment costs. Third, the green, solid line
isolates the energy productivity effect by setting 79 = 71 = 0, shutting down capital adjustment
frictions. Even without fixed or convex capital adjustment costs in this third scenario, the average
plant from a low energy price vintage will be more energy-intensive than the average entrant because
lower productivity plants enter at lower prices. At higher energy prices, it is no longer profitable
to open a new energy-intensive plant, but existing plants may continue to operate. In this case,
even with costless adjustment of capital, plants are still locked in to their productivity, which is

dependent on entry-year energy prices due to the fixed entry costs that induce selection.
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Appendix Figure A.1 shows that the same insights regarding the possibility of lock-in and its
causes carry over to a multi-period framework and under alternative assumptions about plants’
beliefs about future energy prices. In particular, we show that lock-in arises even if entrants know
energy prices will increase in the future. Panel A shows energy intensity of incumbents relative to
entrants assuming that all future energy price changes are known at entry. When plants perfectly
foresee future prices, the magnitude of lock-in depends on the discount rate. Entrants with a
higher discount rate g will anticipate capital adjustment frictions and choose their initial input
mix to better match future prices. However, discounting of future profits means that incumbents
who entered at low energy prices are still more energy-intensive today than current entrants. This
pattern is even more pronounced if we assume all energy price changes are unanticipated (Panel
B). In this opposite extreme scenario, there is a larger difference between the energy intensity of
incumbents who entered at high and low energy prices (i.e., a steeper slope of energy intensity), for
moderate price changes. While Appendix Tables A.10 and A.11 suggest that plants’ beliefs about
future energy prices are largely based on energy prices today, under both sets of assumptions, large
price changes drive the least productive plants from the market, reducing average energy intensity
of surviving plants. We discuss the simulation of this dynamic multi-period model in greater detail
in Appendix A.2. Appendix A.2 also discusses in greater detail the general conditions under which

lock-in of a plant’s production function arises.

3.2 From Theory to Data

In the remainder of the paper, we exploit exogenous variation in initial and current electricity prices
to measure the persistent effect of electricity prices at entry on energy intensity and productivity
throughout the lifetime of manufacturing plants. Technology lock-in is important if plants fac-
ing the same current electricity prices have systematically higher energy intensity if they entered
when electricity was less expensive. This overall estimate of lock-in is analogous to the orange,
short-dashed line in Figure 1, which captures lock-in due to both capital adjustment frictions and
persistent energy-specific productivity.

The regressions of energy intensity on electricity prices cannot, by themselves, distinguish be-
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tween these two sources of lock-in. To do so, we estimate a structural production function for each
industry. This analysis allows us, first, to establish that capital adjustment costs could contribute
to lock-in by estimating the substitution parameter between energy and capital: complementarity
in production between capital and energy is a necessary condition for capital adjustment costs to
create lock-in.” Second, it allows us to recover annual energy-specific productivity for each plant to
distinguish between the two competing explanations for lock-in. The productivity estimates allow
us to assess the contribution of energy productivity differences to creating lock-in, which is captured
by the green, solid line in Figure 1 that shuts off capital adjustment costs. The contribution of cap-
ital adjustment costs is the residual distance between the total lock-in effect and the productivity
effect (i.e., the distance between the orange, short-dashed line and the green, solid line in Figure 1).
By comparing the total lock-in effect to lock-in arising with selection on productivity but without

capital adjustment costs, we quantify the relative importance of the two lock-in mechanisms.

4 Data

We draw on restricted microdata from the U.S. Census Bureau on manufacturing inputs and outputs
and on energy data from publicly available government sources. Additional data details are in

Appendix B.

4.1 Manufacturing Inputs and Outputs

Our primary data sources are administrative records on annual plant-level inputs and outputs from
the Annual Survey of Manufacturing (ASM) and the Census of Manufactures (CMF) from the
U.S. Census Bureau for the years 1976 to 2011. The CMF is conducted in years ending with 2 or
7 and surveys all manufacturing plants in the United States. The ASM annually surveys plants
in the years between censuses and comprises a nationally representative sample of approximately

50,000 plants per year. We calculate plant-level annual average electricity price as reported total

9Stylized facts in the literature suggest that both fixed and convex capital adjustment costs are important (Khan
and Thomas, 2008). Specifically, capital investment is characterized by infrequent spikes interspersed with periods
of no or minimal investment. Investment is also slow to respond to large changes in economic fundamentals.
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electricity expenditure divided by electricity purchased as reported in the surveys.'® We measure
plants’ annual capital investment using total capital outlays, materials, electricity, and raw fuels
inputs using reported expenditures, and labor inputs using worker hours, available in both the ASM
and CMF.!!' The CMF also contains information on plants’ capital stocks, measured as reported
book values of equipment and machinery.'?

We supplement these data with the Manufacturing Energy Consumption Survey (MECS) and
the ASM Fuel Trailers. The MECS and ASM Fuel Trailers are U.S. Census Bureau surveys that
include a probabilistic sample of about 15,000 manufacturing plants, for the years 1976-1981 for the
ASM Fuel Trailers and for every three years between 1985 and 1994 and every four years thereafter
for the MECS. These more detailed energy surveys provide breakdowns of expenditure on and
quantity consumed of raw fuels (e.g., diesel fuel) that are used in smaller amounts and that are
therefore not available from the ASM and CMF, which report detailed quantity and expenditure
information on electricity but not other energy sources.

These supplementary surveys allow us to calculate three measures of energy intensity of pro-
duction: electricity consumed per dollar of revenue, carbon dioxide (CO2) emissions produced per
dollar of revenue, and British thermal units (BTU) of energy consumed per dollar of revenue. CO2
intensity and BTU intensity incorporate the use of all energy sources in a way that electricity inten-
sity does not, therefore capturing any fuel-switching that might arise due to changes in electricity
prices. We calculate plant-level CO2 emissions and BTU consumption from electricity by multiply-
ing by state-specific conversion factors from the U.S. Energy Information Administration (EIA) and
from the Environmental Protection Agency (EPA), which incorporate the carbon intensity of each
state’s electricity grid. To obtain CO2 emissions and BTU consumption from other energy sources,
we calculate annual industry-average estimates of CO2 and BTU per dollar of energy expenditure
from the more intermittently available supplemental surveys and multiply by plant-level energy

expenditures on other fuels (Lyubich et al., 2018). We calculate the industry-average estimates of

10We verify the reliability of our calculated average electricity prices by comparing against utilities’ posted industrial
rate schedules, available from the OpenEl rate database, and against state-level electricity prices reported by the
Energy Information Administration.

11'We calculate worker hours as plants’ reported production-worker hours times the ratio of total payroll to payroll
for production workers (Baily et al., 1992; Ganapati et al., 2020).

12 Appendix C describes how we calculate annual capital stocks implied by ASM investment and depreciation.
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CO2 and BTU per dollar of energy expenditure by multiplying energy quantities by fuel-specific
conversion factors from the EIA and the EPA.

Our final source of manufacturing data is the Longitudinal Business Database (LBD). This
census provides information on all plants’ entry year, which we link to the other data sets at the
plant level. We match plants to their own initial electricity prices if the plant was surveyed in its
entry year. If a plant is not observed in its entry year, we impute its initial electricity price using
the average of other contemporaneous entrants in its state and industry.!®> A short-coming of the
LBD is that any plant that began operations before the start of the survey (i.e., 1975) is recorded
as opening in 1975; we therefore restrict the sample to plants that enter after 1975, for which we
observe their entry year. Appendix B describes additional restrictions imposed during the cleaning
of the data, such as excluding observations with missing or negative input values. The primary
analysis sample includes approximately 1,294,000 plant-year observations. Throughout, we deflate
all monetary values to 2011 dollars using the input- and industry-specific price indices available from
the National Bureau of Economic Research-Census of Economic Studies (NBER-CES) Productivity
Database.

Appendix Table A.1 presents summary averages on manufacturing inputs and outputs sepa-
rately for all industries and excluding industries which use energy sources other than electricity
in important ways (i.e., including only industries for which electricity accounts for at least 70% of
total energy expenditures). Overall, plants consume approximately 0.2 kWh of electricity, 0.1 kg
of CO2, and 0.001 million BTU per dollar of revenue, with about 10% higher energy usage in the
electricity-intensive subsample. All of these data are at the plant-level, rather than the firm-level,
reflecting the fact that operational and investment decisions are made separately for individual

establishments.

13We focus on electricity prices as opposed to composite indices of electricity and any other energy sources used
for two reasons. First, plant-level prices of these inputs are available only approximately every four years, for a
small subset of our full sample. As a result, we almost never observe entry-year prices for energy sources other than
electricity, which requires that a plant is surveyed in the MECS or ASM Fuel Trailers in its entry year. Second,
electricity captures most energy used, as discussed above.
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4.2 State Energy Use and Fuel Prices

The data on state energy input prices and fuel shares in the electricity sector are from the EIA State
Energy Data System (SEDS) (EIA, 2020). We use these data to calculate average national prices for
coal, natural gas, and petroleum as well as the share of each of these fuels used to generate electricity
in each state. We also draw on state-level measures of electricity prices to assess the validity of our
calculated, plant-level ones. We deflate prices using the average of the energy deflators from the

NBER-CES Database.

5 Econometric Model

5.1 Instrumental Variables Analysis

To quantify technology lock-in and its causes, we assess whether the electricity prices that manu-
facturing plants pay in their entry year are important determinants of subsequent energy usage and

relative energy productivity. We estimate the following equation:

Yit = BoDity + Bipit + s + Tjw, + €ir (2)

In this equation, y; is an energy outcome for plant ¢ in year ¢ (i.e., the log of energy use per dollar
of revenue R%t or the log of relative energy productivity wZ), pis, is the log of the average price of
electricity in the year ty that plant ¢ enters the market, and p; is the log of the average price of
electricity paid by plant ¢ in year t. Industry x state fixed effects o, control for time-invariant
characteristics common to six-digit North American Industry Classification System (NAICS) indus-
try j in a given state s, such as geography, industry x year X entry year fixed effects 7j4, control
for time-variant changes that affect all plants in a given industry that entered the market in the
same year, such as availability of new technology, and ¢; is the error term. We cluster standard
errors at the state-level throughout and we weight regressions using the Census sampling weights

to obtain estimates that are representative of the entire market.

The main parameter of interest in equation (2) is Sy, which measures the effect of initial elec-
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tricity prices on current energy intensity or current (relative) energy productivity. The second
parameter of interest, 57, measures the effect of contemporaneous electricity prices on these out-
comes. If technology lock-in is important, we expect initial electricity prices to affect current energy
usage R%t even conditional on current electricity prices (i.e., By < 0 in models where energy intensity
is the outcome variable). In addition, if lock-in arises through persistent differences in the relative
productivity of inputs, then we also expect higher initial electricity prices to lead to higher pro-
ductivity of current energy inputs relative to labor inputs wZ (i.e., 8y > 0 in models where relative
energy productivity is the outcome variable).

Even conditional on the fixed effects, it is possible that omitted variables or measurement error
could introduce bias into the OLS estimation of the price elasticities 5y and ;. For example,
textbook reverse causality would arise if unobserved shocks to plants’ aggregate energy demand
(e.g., new demand for certain products) also affect electricity prices, leading to estimates of the price
elasticities that are biased upward (i.e., less negative). In addition, plants’ entry-year electricity
prices are, in some cases, measured with error: if a plant is not surveyed in its entry year, we
approximate its initial electricity price using the average of other entrants in the same state, industry,
and year. As a result, the effect of entry-year prices may be biased toward zero.

To address these concerns, we construct instrumental variables Z; to isolate changes in plants’
electricity prices that are uncorrelated with other shocks to energy intensity. This Bartik-style shift-
share approach instruments downstream electricity prices with changes in the upstream prices of
inputs into electricity. More specifically, we isolate exogenous variation in electricity prices using the
interaction of historical state electricity generation shares and current national fuel prices (Ganapati

et al., 2020). These instruments are:

Zg = [p—s,tt X 05 £1976) (3)

where o f1976 s the share of total fuel expenditure of each fuel in electricity generation in state s in
1976, for each fuel f € {coal, natural gas, petroleum oil}, and p_g, s is the mean of all other states’
log fuel price in year t. The intuition underlying these instruments is that a plant’s electricity

price will be more strongly affected by changes in national fuel prices if the electricity sector in
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its state is more dependent on this fuel source.'* Our elasticities therefore identify the effects of
changes in electricity prices that arise due to changes in the underlying prices of fossil fuel inputs
into electricity generation. Appendix Figure A.3 shows that there is significant variation in the
prices of these fuels between 1976 and 2011, while Appendix Figure A.4 shows that changes in
these prices will differentially affect some states more than others. We find that the instruments
are strong predictors of electricity prices: Table 1 shows that these weighted entry-year and current
fuel prices are important determinants of initial and current electricity prices, respectively.'®

The identifying assumption is that plants’ differential exposure to changes in national fuel prices

are uncorrelated with other production shocks, conditional on the variables in the model:

E[Zst X e’it|aj877—jtt()] = O (4)

For example, the inclusion of industry x year x entry year fixed effects controls for annual macroe-
conomic conditions that could affect both plant’s production choices and national fuel prices.'® The
identifying assumption would be violated if states’ fuel generation shares in 1976, which determine
exposure to national fuel prices changes, are correlated with other factors that affect plants’ pro-
duction decisions. The availability of skilled labor, for instance, is one such factor that could be
correlated with shocks to plants’ labor demand. Since our instrument is an exposure design, we
assess the validity of the identifying assumption by examining whether state fuel electricity genera-
tion shares are correlated with available state characteristics related to input use that could suggest
other channels through which the instruments could affect the outcomes of interest (Goldsmith-
Pinkham et al., 2020). Reassuringly, Appendix Table A.4 shows no evidence of significant system-
atic relationships between state fuel shares and these characteristics, which supports the identifying

assumption.!” Appendix D discusses this indirect test of instrumental exogeneity in greater detail.

14\We focus on electricity generation shares from fossil fuels that are traded in commodity markets, as opposed to
fuels without clearly defined market prices (e.g., hydro and nuclear generation).

15Tn practice, electricity in the U.S. is distributed within electric power markets that correspond roughly to groups
of states. As a result, variation in fuel generation shares is smaller than suggested by these maps due to intra-regional
trade. Despite this, we still find that our state-level instruments are strongly predictive of plant electricity prices.

16Specifically, industry x year x entry year fixed effects control for e.g., annual shocks that are common to all
cement plants that opened in 1990. The geographic clustering of entrants in specific industries reduces concern
about exposure to state X year variation since our instrument precludes the inclusion of state x year fixed effects.
Appendix Tables A.7 and A.8 shows that the results are robust to the inclusion of state x year trends.

1"Data on state characteristics are from the Federal Reserve Bank of St Louis database (FRED) and the 5 percent
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In equation (2), both current electricity prices p;; and initial electricity prices p;, are potentially
endogenous. We therefore include instruments Z,; based on the contemporaneous fuel prices mea-
sured at ¢ as instruments for log current prices p; and Zg, based on the fuel prices in the year %
when the plant opened as instruments for log initial prices p;,. Specifically, the first stage regression

equation for current prices p;; is:
Pit = NZEN + 20+ 2+ LN+ 5L + V6L + s+ T + Vit (5)

and the first stage regression equation for initial prices replaces p;, as the outcome variable.
In some specifications, we also examine whether the importance of initial prices depends on the
plant’s age. To do so, we extend equation (2) by interacting the log of initial electricity prices with

the age of the plant in years:

Yir = BoPity + Bipie + Bapit, X agei + s + Tjug + € (6)

In these heterogeneous effects models, we also include the interaction of the shift-share instruments

Zg, with the variable age in the first stage.

5.2 Production Function Estimation

To separately recover plants’ total factor and energy-augmenting productivity shocks, we estimate
a model of plants’ production decisions (Ackerberg et al., 2015; Olley and Pakes, 1996). Commonly
used models of manufacturing production functions, notably Cobb-Douglas and translog, do not
allow for complementarity between inputs and factor-specific productivity shocks. Since these
characteristics are necessary for lock-in to arise, studying the causes of the persistent effects of
entry-year energy prices requires extending more general models of production to include energy
(Demirer, 2020; Doraszelski and Jaumandreu, 2018).

As discussed in Section 3, we use a constant elasticity of substitution (CES) production function,

sample of the Integrated Public Use Microdata Series (IPUMS) of US Census Data. We examine the correlation of
fuel shares with state characteristics in 1980, rather than in 1976 when our Bartik weights are measured, because
1980 is the closest year for which American Community Survey data from IPUMS are available.
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which is sufficiently rich to allow for complementarity between inputs and factor-specific produc-

tivity while remaining empirically tractable. Plant ¢ produces revenue in year ¢ according to:

Vie = exp(wlf) (Bik™ + Lyt + (exp(wf) E) 7)™

where o and v are respectively the elasticity of substitution and returns to scale, w/! is the Hicks-
neutral total factor productivity, and S and wZ are the productivity of capital and energy inputs
relative to labor inputs, respectively.'® The two productivity shocks wf and wZ are known by the
plant when it chooses inputs, whereas €;; represents unanticipated randomness in production.

Estimating equations for the productivity shocks are based on the first-order conditions of the
plant’s profit maximization problem for their static inputs (i.e., labor L; and energy E;;). We follow
the literature in assuming that both labor and energy (i.e., materials) are static inputs that are
not subject to adjustment frictions.'® In each period, plants choose labor and energy, given their

capital stock Kj;, productivity draws, and prices to maximize their profits:

it

nLlaExpyY(L, E: Ky, wl wf) — wy L — pf;E

where w;; and pZ are the prices of labor and electricity, respectively. We obtain an expression for
energy-augmenting productivity shocks w¥ by taking the log of the ratio of the first-order conditions

for the choices of energy and labor:
lie — e = —0o(wiy — pig) + (1 — o)y (7)

Inputs and prices in equation (7) are observed, and so given the elasticity of substitution o, we

can estimate wZ. Intuitively, if labor and energy are complementary inputs (i.e. o < 1), then

conditional on prices a higher ratio of labor to energy inputs implies a higher relative productivity

18Note that the levels of factor-specific productivities are not separately identifiable from total factor productivity,
so without loss of generality we normalize labor productivity to one and express energy and capital productivities
relative to labor productivity.

197f electricity is not a static input (due to, for example, hedging behavior against future price increases), then
beliefs about future electricity prices would induce plants to lock in electricity contracts today. Our treatment of
electricity here mirrors the treatment of labor as a static input despite practical concerns around long-term contracts,
severance pay, etc (Ackerberg et al., 2015; Olley and Pakes, 1996).
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of energy. With these estimates of wZ, we can then recover total factor productivity, wf, from the
first-order condition for energy, given the values for the rest of the production function parameters.

We recover the production function parameters using standard estimation methods based on
the assumption of AR(1) evolution of the productivity shocks, as in Ackerberg et al. (2015).%°
The timing of plants’ input decisions and the Markov structure for the productivity shocks imply
that all past input choices are uncorrelated with the productivity innovations, allowing us to use
lagged (log) inputs, l;;_1, e;—1, and ky_1, and lagged wage and electricity prices, wy_; and pgfl as
instruments in the moment conditions. For each four-digit NAICS industry, we obtain parameter
estimates 6 = (o,v, Bk) and standard errors using the two-step generalized method of moments
(GMM) estimator (Hansen, 1982). Appendix E provides a detailed discussion of the estimation
procedure.

In what follows, we focus on our estimated relative energy productivity and total factor pro-
ductivity measures and their relationship with initial and current energy prices. Overall, we find
that our estimates of the production function parameters have reasonable signs and magnitudes
and are comparable to estimates in the literature using CES or nested CES functional forms, with
or without energy as a separate input (e.g., Doraszelski and Jaumandreu, 2018; Hassler et al., 2012;
Ryan, 2012). Appendix Table A.5 shows that we find that capital, labor, and energy are strongly
complementary; our average estimate of o is around 0.25.2' Our estimate of the returns to scale
parameter v, which is around 0.65, is also consistent with estimates from the literature. Our v
estimates are smaller than Doraszelski and Jaumandreu (2018)’s estimates of around 0.9 in Spanish
data, which can be explained by the fact that our returns to scale parameter combines the effects of
returns to scale and downward-sloping demand that are separately estimated in this other paper.??

Our productivity estimates do not require us to assume perfect competition in output markets, but

20Physical productivity can be recovered as a rescaling of revenue productivity given information on prices and
market structure (Allcott et al., 2016). Plant-level microdata on physical outputs are limited in most commonly used
producer survey data (Allcott et al., 2016; Greenstone et al., 2012; Ryan, 2018).

21There are relatively few estimates of CES production function parameters involving energy inputs. Our results
are comparable to Hassler et al. (2012) and Ryan (2012), who also estimate a strongly complementary relationship
between energy and other inputs.

22Doraszelski and Jaumandreu (2018) also explicitly model research and development using data that is unavailable
in the U.S. and which precludes our modelling of this margin of plant decisions, though Ganapati et al. (2020)
show that endogenizing productivity does not appreciably change Cobb-Douglas estimates of U.S. manufacturing
productivity.
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implicitly assume price-taking behavior in input markets. If manufacturing plants were to have
market power in electricity markets, then energy productivity would be biased downward—as elec-
tricity use increases, prices would increase—but the assumption of perfect competition on the input

side is standard and seems plausible given the large number of manufacturing plants in the U.S.

6 Results

6.1 Energy Intensity

First, Table 1 shows that weighted national fuel prices are strongly predictive of both entry-year and
current electricity prices, respectively in Columns 1 and 2. These results form a strong first stage
for the instrumental variables analyses. The parameters are the effects of a 1% change in fuel prices
on electricity prices if a state generated 100% of its electricity from this fuel source. Coal prices
are the most important determinant of entry-year electricity prices, and are approximately four to
five times as important as natural gas and petroleum prices (Column 1). If a state generated its
electricity entirely from coal in 1976, then a 10% increase in coal prices in a plant’s entry year would
increase its entry-year electricity price by approximately 2.2%. In practice, the state average 1976
coal share is approximately 0.40, and so a 10% increase in coal prices increases electricity prices by
0.9%.% Reassuringly, fuel prices in the future are not predictive of entry-year electricity prices in
the past, which provides some placebo evidence that it is energy prices in a plant’s entry year that
are important. Initial fuel prices have small effects on current electricity prices, possibly reflecting
some stickiness in electricity prices paid by plants, but current fuel prices become significantly
more important (Column 2). Contemporaneous natural gas prices have the largest effect on current
electricity prices, reflecting the shift toward natural gas electricity generation in recent years shown
in Appendix Figure A.5. Ganapati et al. (2020), who examine the effects of contemporaneous fuel
prices on manufacturing marginal costs, similarly highlight the importance of natural gas as a recent
determinant of manufacturing costs.

Table 2 presents our first evidence of technology lock-in. This table shows that both initial and

23 Appendix Table A.4 shows the 1976 state fuel generation shares that can be used to adjust the parameters in
Table 1 to interpret them as elasticities.
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current fuel prices have significant effects on current energy intensity. We consider effects on four
different measures of energy intensity. Column 1 measures energy intensity using electricity con-
sumed (in kWh) per dollar of revenue, which accounts for most energy use by manufacturing plants.
Column 2 focuses on this same measure of energy intensity in “electricity-intensive industries”, ex-
cluding industries that spend more than 30% of total energy expenditures on other sources of energy
as direct inputs. This subsample focuses on plants that use electricity as an energy input almost
exclusively, with limited ability to substitute to other energy sources in response to electricity price
changes.?* Columns 3 and 4 use kg CO2 and million BTU per dollar revenue as measures of total
energy intensity, respectively. These last two measures include energy from other energy sources
and therefore account for changes in energy intensity due to any substitution between electricity and
other fuel sources. Figure 3.a shows that the time trends in energy intensity are highly correlated
across these three measures, and that aggregate electricity intensity has declined by approximately
30% since 1976 by all three metrics.?’

We find consistent results across each of these measures of energy intensity and in the “electricity-
intensive” industries subsample. In all models in Table 2, the current natural gas price has a
larger impact on current energy intensity than contemporaneous coal or petroleum prices, which is
indicative of the recent shift toward natural gas electricity generation after the fracking boom in
the 2000s.2¢ The precisely estimated zero effect of current petroleum oil prices is consistent with
the limited use of petroleum in generating electricity today, shown in Appendix Figure A.2.%7 By
contrast, despite the declining roles of petroleum and coal in electricity generation, entry-year coal
and petroleum prices have persistent effects on energy intensity. This is lock-in: the prices of these

fossil fuels continue to affect plants’ energy intensity even after the economy has transitioned to

24Both analyses continue to exclude feedstock fuels in industries such as oil refining.

2 Consistent with our results, Linn (2008) and Levinson (2021) document declining energy intensity of manufac-
turing production over approximately half of our time period. Huntington (2010) and Metcalf (2008) additionally
find similar trends using sector- and state-level data, respectively. The CO2 and BTU intensity measures in Figure
3.a are more highly variable since these are surveyed less frequently and on fewer plants than the electricity measures.
In Appendix F, we show that including or excluding periods covered by the different energy surveys (i.e., MECS and
ASM Fuels Trailers) and imputed values in intervening years doesn’t change the results of our analysis below.

26 Appendix Table A.1 shows that the average current year is 1997 while the average entry year is 1988, which
suggests that fracking-induced price changes are more heavily concentrated in current prices. Appendix Figure A.2
shows the rise in importance of natural gas over time.

2TComparing Appendix Figures A.2 and A.5 shows that most states generating electricity using petroleum oil in
1976 substantially reduce their use of it by 2011.

23



other fuel sources. The elasticity of energy intensity with respect to entry-year coal prices is more
than twice the current natural gas price elasticity even before accounting for the higher 1976 coal
generation share. These results underscore that the continued expansion of coal power capacity,
particularly in developing countries, could lead to higher manufacturing energy intensity even if
these economies eventually transition to cleaner fuel sources.

This evidence of lock-in is also apparent in both the OLS and instrumental variables analyses
of the effects of initial and current electricity prices on energy intensity (Table 3, Panels A and B
respectively). In both analyses and across our four energy intensity measures, entry-year electricity
prices have significant effects on energy intensity in subsequent years. In our preferred IV specifi-
cations, the initial price elasticity is between -0.14 and -0.35, which is approximately 25% of the
elasticity with respect to current electricity prices. As a result, failing to price carbon in plants’ en-
try year leaves an average of 25% of the energy-reduction benefits on the table. The price effects on
energy intensity measures that include and exclude other fuel sources (i.e., BTU and CO2 intensity)
are similar in sign, magnitude, and precision, plausibly because electricity comprises approximately
95% of thermal energy consumed on average and so fuel-switching in response to electricity price
changes is relatively limited. We highlight that the inclusion of industry x year x entry year fixed
effects controls for plant vintage within each industry, so that the estimates comprise the effect of
changes in the price of electricity for plants with the same technologies available to them when they
entered.

The initial electricity price elasticity is larger in magnitude in the IV models than in the OLS
models, consistent with measurement error in the entry-year electricity prices that are annual av-
erages across entrants in each industry and state if a plant is not surveyed in its entry year. Such
measurement, error biases the estimates against finding evidence that initial electricity prices are
persistent. The elasticity of energy intensity with respect to current electricity prices is about -0.80
(i.e., relatively elastic), suggesting that plants do respond to current electricity price changes in the
presence of lock-in. This estimate is more similar in sign, magnitude, and precision in both the OLS
and IV models; current electricity prices are always measured at the plant level and are therefore

less likely to be subject to measurement error in the OLS estimates.?® Appendix Table A.7 shows

280ur estimated elasticity of energy intensity with respect to current electricity prices is somewhat larger than
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that both our initial and current price elasticities are robust to estimation using different covariates,
data subsamples, and electricity price data sources, including using electricity prices from SEDS
rather than our plant-level measures. We discuss these other estimates in Appendix F. Since entry
decisions may be made before a plant enters and investment decisions may also depend on prices in
years after entry, we also show in Appendix Table A.10 that we obtain statistically indistinguishable
estimates of the effects of electricity prices on energy intensity if we use the electricity price in the
year before a plant enters (Panel A) and if we control for the mean of electricity prices in between
the year of entry and the current year (Panel C).

We find limited evidence that the importance of entry-year electricity prices declines as plants
age, suggesting that lock-in is persistent (Table 6, Columns 1-3). The effect of age is not statistically
significant and the point estimate is small for most energy intensity measures; we can rule out
declines in the elasticity in excess of 10% per year with 95% confidence. At the point estimates, it
would take roughly 25 years for the effect of entry-year prices to fade, which Appendix Table A.3
shows is 10 years longer than the average plant lifetime. Any decline in the average importance
of entry-year prices could be due to plants’ gradual investments in energy efficiency improvements
or due to changes in entry and exit; the IV estimates combine both of these effects for surviving
plants. Since the most locked in plants are the ones that are mostly likely to exit in response to
energy price changes, our estimates on surviving plants here provide an upper bound on plants’
ability to respond to price changes and mitigate lock-in without ceasing operations. We turn now
to assess the effects of initial electricity prices on the productivity of plants’ inputs to understand
the extent to which capital adjustment costs and underlying technological differences can explain

the persistent effect of electricity prices.

estimates in Linn (2008) using different variation based on fixed weight price indices as instruments for energy prices.
Appendix Table G shows that our estimates of the effects of current prices on quantity of electricity purchased,
rather than intensity, are within the range of elasticity estimates in the literature for industrial consumers (Blonz,
2021; Paul et al., 2009). We are unaware of any estimates of entry-year price elasticities for years after entry against
which to compare ours; Linn (2008) finds that, in their entry year, entrants respond 30-50% less to current prices
than incumbents.
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6.2 Productivity

Our productivity results use as outcome variables our energy and total factor productivity estimates
from Section 5.2. Figure 3.b shows the time trends of total factor productivity and the relative
productivity of energy compared with labor. This figure shows that the time series of the relative
productivity of energy compared with labor is relatively constant until the mid-2000s, then begins to
fall to about 75% of its 1976 level. This trend implies similar growth in the productivities of energy
and labor over much of this time period, and is based on more granular data than previous studies
(Hassler et al., 2012). Meanwhile, the total factor productivity trend shows that the productivity
of all inputs has more than doubled over this time period, consistent with prior work (Greenstone
et al., 2012).

Table 4 begins to show that initial energy prices lead to persistent differences in these productiv-
ities. Columns 1 and 2 show that both initial and current raw fuels prices have long-run effects on
the energy bias of technological change, for all industries and electricity-intensive industries respec-
tively. Plants that enter when petroleum or coal prices are high consistently use their energy inputs
more efficiently relative to their labor inputs: a 10% increase in the entry-year price of one of these
raw fuels increases energy productivity by 0.7% and 0.1%, respectively.?? Similarly to our energy
intensity results, we find that contemporaneous natural gas prices are important determinants of
relative energy productivity. Conversely, the effects of initial and contemporaneous fuel prices on
total factor productivity are an order of magnitude smaller and are generally statistically indis-
tinguishable from zero: higher entry-year raw fuel prices bias technological change toward energy
relative to labor, but do not affect total factor productivity in meaningful ways.

Turning to the OLS and instrumental variables estimates of the effects of electricity prices on
productivity, we again find evidence of lock-in of plants’ productivity bias (Table 5). Plants that pay
higher electricity prices in their entry year exhibit persistently higher energy productivity relative to
labor productivity, both in the OLS estimates (Panel A) and in the instrumental variables estimates
(Panel B). We again find instrumental variables estimates of the relative energy productivity effects

in that are larger in magnitude than the OLS estimates, consistent with measurement error in initial

29Gimilarly to Table 2, we adjust the energy elasticity estimates in Table 4 by the average 1976 fuel generation
shares in Appendix Table A.4 to arrive at the average weighted elasticity.
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electricity prices. Focusing specifically on our preferred instrumental variables estimates, we find
that a 10% increase in entry-year electricity prices increases relative energy productivity by 3%,
with no effect on total factor productivity. Taken together, this pattern of results indicates that
plants that select into entry at higher electricity prices are not only using fewer energy inputs per
dollar of revenue, as we showed above; they are also using these inputs more efficiently.?”

The responses of energy-specific productivity to entry-year and current electricity prices are
also consistent with directed technical change. Higher entry-year prices encourage adoption of
more energy-efficient production processes, but contemporaneous energy productivity also improves
relative to other inputs if prices subsequently increase.®’ However, entry-year electricity prices are
almost as important as contemporaneous ones: the elasticities are statistically indistinguishable in
Table 5. The overall effect of entry-year electricity prices on relative energy productivity is more
than five times as large as the same increase in coal transport costs on relative coal capital investment
(Meng, 2021) and the effects of air pollution regulation on manufacturing total factor productivity
(Greenstone et al., 2012). These economically meaningful estimates highlight the important role of
higher energy prices and, by extension, carbon pricing policies in directly incentivizing reductions
in energy use.

Our results suggest that differences in the relative productivity of energy inputs chosen at entry
are able to fully explain why technology lock-in arises. The effect of entry-year energy prices on
productivity indicates that selection at entry on the basis of these prices is important: marginal
entrants at higher prices are more productive, and then these differences in productivity persist
over time. The magnitudes of the relative energy productivity effects of initial electricity prices
are somewhat larger and statistically indistinguishable from the effects on energy intensity in Table
3. Appendix A.1 shows that the overall lock-in effect is the weighted sum of the wedge in energy
intensity between new entrants and incumbents that arises due to capital adjustment costs and
the elasticity of productivity with respect to entry-year prices, where the weights depend on the

substitution parameter; for selection on productivity to fully explain the difference between entrants

30Recall that the energy productivity estimate gives the relative productivity of energy inputs to labor inputs, and
hence alone does not indicate an overall increase in energy productivity.

31We expect current electricity prices to be correlated with current productivity because both depend on historical
prices. This is true even when innovations in the price and productivity series are independent.
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and incumbents’ elasticities of energy intensity, we expect the elasticity of energy productivity to
be weakly larger than the elasticity of energy intensity.*> An implication of our empirical results
therefore is that the contribution of capital adjustment costs to creating lock-in appears to be
small by comparison.?® Relative to the model results in Figure 1 and Appendix Figure A.1, our
estimate of the effect of entry-year electricity prices on energy intensity is analogous to slope of the
curve showing total lock-in for plants facing capital adjustment costs (i.e., the short-dashed curve),
averaged across plants. The similar magnitudes of our energy intensity and energy productivity
elasticities suggest that energy intensity and energy productivity respond to changes in entry-year
electricity prices approximately one-for-one, so that the curve measuring the energy intensity of
incumbents absent capital adjustment costs lies very close to the curve measuring total lock-in in
these figures (i.e., the solid and short-dashed curves, respectively).

Similarly to the energy intensity results, we find that the effects of entry-year electricity prices
on relative energy productivity persist throughout a plant’s lifetime. Table 6 shows that there is
limited evidence of a decline in the effects of initial electricity prices as plants age; an additional year
of operations reduces the effect of entry-year electricity prices on relative energy productivity by 2%.
These results indicate significant path dependence in the productivity bias of energy inputs and the
importance of correctly aligning plants’ incentives when they choose their production technologies.

In Appendix Table A.6, we also show estimates of the effects of entry-year electricity prices on
quantities of energy inputs consumed, as opposed to energy intensity; we find that these effects
can also be explained by persistent differences in relative productivity, though are somewhat less
precisely estimated than the intensity elasticities.?* We discuss these estimates in more detail in
Appendix F, and Appendix Table A.8 discusses the robustness of the elasticity estimates to the

use of different covariates, data subsamples, and data sources. The results using these alternative

models are similar in sign, magnitude, and precision to our main estimates, as are estimates that

32The weights based on the substitution parameter reflect the fact that energy and capital are complementary,
which is a necessary condition for capital adjustment costs to constrain energy choices.

33The non-linearity of capital adjustment frictions implies that there may be heterogeneous effects depending on
the size of the price change. The difference between lock-in for a plant facing adjustment costs and for a hypothetical
plant with fully flexible capital is non-monotonic in the price change, and largest for plants which are close to the
threshold at which paying fixed adjustment costs is optimal. This implies that targeted capital adjustment subsidies
are likely to be more effective than ones applied to all firms.

34The estimates on levels of energy use, rather than intensity, shown in Appendix Table A.6 suggest that much of
the response of energy intensity is in fact driven by changes in energy usage.
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account for a potential lag between the decision to open and the first year of operations (Appendix
Table A.11). We also find less precisely estimated effects of similar magnitude of entry-year prices
on productivity when controlling for the mean of electricity prices in the years between entry and
today, on the sample of plants that are at least three years old, suggesting that lock-in at entry
arises while plants continue to make investment decisions based the prices that prevail at different
times throughout their life (Appendix Table A.11).

The effects of entry-year electricity prices on energy intensity and energy productivity do not
appear to be driven by any single industry. Appendix Table A.9 presents estimates of heterogeneous
effects of entry-year electricity prices on these outcomes for eleven major industry groups (Doraszel-
ski and Jaumandreu, 2018). Appendix H discusses these heterogeneity results in more detail, but
a key take-away is that lock-in seems to be important in all industries, though the differential
lock-in effects by industry are imprecisely estimated. These results also suggest that the effects of
entry-year electricity prices are not meaningfully different in industries that produce more or less
homogeneous goods (e.g., printing and paper products versus transportation goods), that produce
many or fewer products (e.g., chemicals versus timber and furniture), or that do and do not use fuel
feedstocks in important ways (e.g., non-metallic minerals versus agricultural machinery). Appendix
Table A.2 shows that our different measures of energy intensity vary across these industry groups

on average.

7 Discussion and Implications for Climate Policy

Overall, we find robust evidence of technology lock-in: entry-year electricity prices are important
determinants of lifetime manufacturing energy use, given plants’ expectations of future prices. It is
worth noting that these lock-in elasticity estimates are agnostic about plants’ beliefs about future
prices, and their interpretation does not require taking a stand on what these beliefs actually are.
Indeed, Appendix Figure A.1 shows that lock-in arises in both extreme cases of perfect foresight
and complete ignorance about future price changes. These simulation results do suggest that com-
mitment to carbon pricing could reduce current energy intensity by correctly aligning plants’ beliefs

about the future path of electricity prices for plausible carbon tax magnitudes; prior research finds
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similar anticipation results for other U.S. environmental regulation (Clay et al., 2021). For moder-
ate price changes, energy intensity of incumbents with perfect foresight is below energy intensity of
incumbents who do not anticipate future price changes (Appendix Figures A.1.a v. A.1.b), though
delaying even anticipated carbon pricing creates lock-in due to discounting of higher energy costs in
the future in favor of lower investment costs today. For large, unanticipated price changes, the most
locked-in plants close. As a result, if plants ignore information about future energy price changes,
then the announcement of future carbon price increases may have a more limited effect on energy
efficiency today and until the price changes actually occur.

There are at least three reasons why our lock-in estimates may be lower bounds on the effects
of entry-year electricity prices on subsequent energy efficiency. That is, the estimates may underes-
timate improvements in energy efficiency resulting from a carbon tax. The first reason is related to
the closure of the most locked in plants in response to price changes. Our effects measure changes
in the average energy intensity of surviving plants, which excludes the plants that exited (or did not
enter) in response to higher electricity prices. Therefore, the effects that we estimate measure the
extent to which the average plant can improve its energy efficiency through investment or changes
in input mix, without ceasing operations. Since the plants that exit are plausibly the ones most
locked in to the dirtiest technologies, our estimates may underestimate lock-in at the plant level,
and therefore average energy efficiency may improve more in response to a carbon tax than our
estimates suggest.*

Second, our use of revenue-based total factor productivity measures also understates the effects
of energy prices compared with quantity-based productivity measures. Revenue-based productivity
measures are standard in the literature due to limitations of most plant-level data sets, which
typically do not collect detailed output price and quantity data (Allcott et al., 2016; Ganapati
et al., 2020; Greenstone et al., 2012). When marginal costs rise as energy becomes more expensive,
standard theory predicts that plants with market power will increase prices for their products and
reduce quantities supplied. The revenue-based productivity measures capture any negative effects
of increasing energy costs as well as any positive price change, which could cause us to understate

the effect of electricity prices on total factor productivity; it may be that increasing electricity prices

35This intuition underlies the results of our simulations of the multi-period model in Appendix A.2.
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would generate larger total factor productivity improvements than our estimates suggest.

Third, we investigate the persistent effects of short-run electricity price variation resulting from
year-on-year variation in raw fuels prices. Conversely, a goal of carbon pricing is to implement long-
run increases in electricity prices through policy. The responses to the short-run price variation
that we study are consistent with plants’ basing their best guess of electricity prices tomorrow on
observed electricity prices today (i.e., with plants believing that prices follow a random walk).?
Our lock-in estimates again may understate the energy efficiency effects of sustained commitment
to higher electricity prices because plants may install more energy-efficient technology with the
knowledge that prices may be higher for many years in the future.

Our estimates of the existence and nature of technology lock-in could help inform climate policy.
A first key take-away is that delayed action on carbon pricing seems likely to come at the expense of
significant energy efficiency gains. Timely implementation of carbon pricing is one policy that could
help incentivize early and persistent reductions in industrial energy use. Our elasticity estimates
suggest that a given plant’s energy intensity falls by approximately 2.5% through its lifetime for
every 10% increase in entry-year electricity prices. This price increase is roughly equivalent to the
change resulting from a carbon tax on the U.S. electricity sector of 28 §/metric ton CO2, or about
half of estimates of the social cost of carbon used in government policy (Carleton and Greenstone,
2021; Cleary and Palmer, 2020). The lasting “hysteresis” effect of entry-year prices suggests that
such a carbon tax need not be permanent for reductions in lifetime energy use to occur. However,
the price changes needed to achieve U.S. industrial energy efficiency targets seem to be large: a 30%
reduction in energy intensity for the average existing plant requires increasing electricity prices by
120%.

In addition, our results suggest that there could be a role for vintage-differentiated energy ef-
ficiency regulations in industry. These types of regulations are rarely employed in manufacturing,
but are more common in sectors such as transportation and construction (Jacobsen and Kotchen,

2013; Levinson, 2021; Stavins, 2006; West et al., 2017). In manufacturing, existing pollution reg-

36Consistent with this interpretation, we also find that energy intensity and productivity respond similarly to entry-
year electricity prices regardless of whether plants open during increasing or decreasing electricity price regimes, and
that the response to the one-period lag of electricity prices is similar in sign, magnitude, and precision to the main
estimates (Appendix Tables A.10 and A.11).
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ulations tend to “grandfather” older plants by exempting them from meeting the latest standards
(Stavins, 2006). By contrast, we show that efficiency mandates or technology adoption subsidies to
manufacturing plants that entered during low energy price regimes could potentially help reduce
persistent differences in energy use created by lock-in if appropriately targeted.

Finally, the response of energy-specific productivity to entry-year prices suggests that directed
technological change could play an important role in reducing industrial energy use. One possible
way to improve the productivity of energy inputs is through subsidies for energy-specific research
and development, which Casey (2022) shows advance new energy-efficient technologies that reduce
industrial energy use. Given the persistence of entry-year technologies’ energy productivity, creating
new technologies that use energy more productively and then incentivizing their initial adoption
could reduce plants’ lifetime energy use in important ways.

Policies that incentivize industrial energy-efficiency improvements (such as vintage energy-
efficiency regulations or technology adoption subsidies) and policies that incentivize reductions in
emissions upstream in the electricity sector (such as carbon pricing) both help to reduce industrial
energy intensity as long as the electricity sector is polluting. While this is the case in the U.S. today,
and even more so in developing countries, expansion of the use of clean renewables (e.g., solar) in
electricity generation will reduce the social costs of industrial electricity consumption. Such a tran-
sition to a cleaner grid would not necessarily reduce industrial energy intensity, but would reduce
the negative externalities resulting from electricity consumption and the costs of delayed climate

policy.

8 Conclusion

This paper provides new evidence of technology lock-in in the manufacturing sector and analyzes
its causes and consequences. Using 35 years’ worth of U.S. Census microdata, we show two main
ways in which technology lock-in arises. First, we estimate that the prices of fossil fuel inputs into
electricity generation have persistent effects on manufacturing plants’ energy usage—even after the
use of these fuels has declined. Second, we show that the prevailing electricity price in a plant’s

entry year affects their energy usage throughout their lifetime: plants that are established when
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electricity prices are low, below the full social cost of energy consumption, consume more energy in
subsequent years. On average, we estimate that at least 25% of the energy reductions benefits from
carbon pricing are lost by failing to implement these policies in a plant’s entry year.

By estimating plant-level total factor productivity and the relative productivity of energy to
labor, we demonstrate that an initial and persistent effect of electricity prices on energy produc-
tivity seems to play a key role in explaining this lock-in. Plants may choose not to undertake
later energy efficiency improvements due to capital adjustment costs, but we provide new evidence
that their production functions are also different to begin with. Our results indicate that a 10%
increase in entry-year electricity prices improves the productivity of energy relative to labor by ap-
proximately 3% in subsequent years. Abatement cost functions that ignore this lock-in seem likely
to underestimate the emissions reductions benefits from imposing a carbon tax on new entrants
and overestimate achievable emissions reductions from incumbents tomorrow. Estimating the im-
plications of delayed climate policy on aggregate industry dynamics and misallocation through a
macroeconomic lens and, by extension, what constitutes an optimal policy are important areas for
future work.

The implications of these results for climate policy are consequential. Ignoring lock-in under-
estimates the benefits of pricing carbon today. In the absence of current commitments to do so,
future policy may have to be more stringent to counteract the current path of energy-inefficient
manufacturing production: small carbon taxes or clean technology subsidies may be insufficient to
incentivize existing plants to reverse sunk and partially irreversible capital investments or otherwise
to exit. Meanwhile, continued expansion of cheap fossil fuel power around the world seems likely
to entrench energy-inefficient technologies and lock in higher emissions levels for many years. A
major push to increase energy efficiency worldwide is a key part of proposals to constrain carbon
emissions to “safe” levels, which will require annual improvements exceeding three times the annual
rate achieved in the last two decades (IEA, 2021). Further delays in climate policy, and more plants

locked into energy-inefficient technology, will make these targets increasingly difficult to achieve.
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9 Figures and Tables

Figure 1: Simulated Lock-in
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Notes: This figure shows simulation results for the energy intensity of incumbent manufacturing plants relative to
entrants as a function of their entry-year energy price. The x-axis shows initial energy price as a fraction of the
current price. “Static with exit” shows relative energy intensity in scenarios where plants cannot adjust their capital
stocks after they enter. “Partial capital and exit” shows relative energy intensity in scenarios where incumbents
can re-optimize their capital stock subject to fixed and convex adjustment costs. “Flexible capital and exit” shows
relative energy intensity in scenarios where all inputs can be re-optimized without adjustment costs. Energy intensity

of entrants is normalized to 1.
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Figure 2: Time Series of Electricity Prices
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Notes: This figure shows the time series of average electricity prices paid by the industrial sector in the United
States. Prices are in 2011 dollars per million British thermal units (BTU).
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Figure 3: Time Series of Energy Intensity and Productivity
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Notes: This figure shows the time series of average energy intensity (Panel A) and relative energy productivity and
total factor productivity (Panel B) of the manufacturing sector in the United States. Energy intensity is calculated
as electricity consumption (kWh) per dollar of revenue, kg CO2 produced per dollar revenue, and million BTU per
dollar revenue. The productivity of energy inputs is measured relative to labor. Productivities are the authors’

calculations using the estimation procedure outlined in Section 5.2.
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Table 1: First Stage Effects of Weighted Fuel Prices on Electricity Prices

log(Initial_Electricity_Price;,)

(1)

log(Current_Electricity_Price; ;)

(2)

Coal_Shares 1976 X Current_Coal_Price_s, 0.013 0.065*
(0.009) (0.035)
Natural Gas_Shares 1976 X Current_Gas_Price_, -0.006* 0.058%**
(0.003) (0.012)
Petroleum_Share, 1976 X Current_Petroleum_Price_, 0.003 0.012
(0.003) (0.010)
Coal_Shares 976 % Initial Coal_Price_gy, 0.220%** 0.055%*
(0.049) (0.023)
Natural_Gas_Shares 976 X Initial_Gas_Price_g, 0.056%** 0.011%*
(0.012) (0.006)
Petroleum_Shares 1976 % Initial_Petroleum_Price_ 0.036%** 0.019%**
(0.012) (0.005)
N 1294000 1294000
Industry x Year x Entry Year Fixed Effects Yes Yes
Industry x State Fixed Effects Yes Yes

*p<0.10, ** p < 0.05, *** p < 0.01

Notes: This table shows the effects of initial and contemporaneous coal, natural gas, and petroleum prices on the log

of initial and contemporaneous electricity prices. Fuel prices are calculated as the leave-out-mean log price across

states and weighted by the share of each fuel in electricity generation in each state. Electricity prices are measured

in USD per kWh (2011). Regressions are weighted using Census sampling weights. Observation counts are rounded

in accordance with Census disclosure requirements. Standard errors clustered by state are in parentheses.
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Table 2: Reduced Form Effects of Weighted Fuel Prices on Energy Intensity

log(Electricity_Intensity;;) log(FElectricity_Intensity;;) log(COa_Intensity;;) log(BTU _Intensity; )
Elec-