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Abstracts

Can the plants turn green?

What is the potential for substitution from fossil fuels to electricity? I
answer this question with microdata from the German manufacturing
sector, where fossil fuels account for 70% of primary energy consumption.
I document large heterogeneity in the shares of fossil fuels and electricity
across plants even within narrow categories of plants. This variation
is difficult to explain with observable plant characteristics including
location, industry, or products produced, which suggests plants have
flexibility in the mix of energy sources. Fossil fuels and electricity respond
differently to transitory plant-level demand shocks: For a given change
in output, the response of electricity is three times larger than that of
fossil fuels. To reproduce this finding, I develop a dynamic model of
production with an adjustment cost for fossil fuels. In such a model it
is not optimal for plants to fully adjust to transitory shocks, leading
to a downward bias in estimates of the elasticity of substitution with
canonical methods. I estimate the model using the simulated method
of moments, and find an elasticity of substitution of 5, substantially
higher than the literature. This implies that a tax on fossil fuels is more
effective: A given reduction in fossil fuel use can be achieved at half the
cost in foregone output compared to a model with an elasticity from the
literature. German plants can, thus, turn green.

Long-run elasticities from short-run variation

Elasticity estimates are central to applied economics. A robust empirical
finding is that long-run estimates exceed short-run ones. Under adjust-
ment costs and stationary prices, agents optimally respond only partially
to price shocks, attenuating short-run elasticity estimates below the
structural long-run parameter. I derive a closed-form correction factor
linking the two. It depends on three parameters: a calibrated discount
factor, the persistence of the relative price, and the persistence of the
input mix, the latter two estimable without additional data requirements.
The persistence of the choice variable is a sufficient statistic for the
adjustment friction, obviating structural estimation. I apply the method



to intermediate input substitution in Indian manufacturing, and estimate
a correction factor of 2.

Financial frictions and aggregate risk exposure

I study the welfare effect of preemptive industrial policy against aggregate
supply chain risk when entrepreneurs choose technologies subject to a
collateral constraint and the government lacks commitment. Laissez-
faire is constrained efficient: without intervention, technology choices are
socially optimal given the collateral constraint. When the government
cannot commit to a redistribution rule before agents choose, agents
anticipate the planner’s response and distort their technology choices,
generating welfare losses that offset the direct benefit of redistribution.
A welfare decomposition confirms that this distortion cost dominates the
redistribution gain in a majority of empirically relevant parameterizations,
so no-commitment intervention reduces welfare relative to laissez-faire.
This reverses only for the case of an almost complete supply cutoff.
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Introduction

Substitution between inputs is core to production theory. John Hicks (in
The Theory of Wages, 1932) and Joan Robinson (in The Economics of
Imperfect Competition, 1933) introduced the elasticity of substitution to
formally describe the degree to which one input can take the place of
another in the production of a given output. The concept is a property of
technology: it tells us how an economy or firm will respond to changes in
the relative cost of its inputs. Nearly a century later, the same parameter
takes center stage in one of the major challenges of our time: the transition
to a low-carbon economy. The success of a transition away from fossil fuels
depends on whether electricity from renewable sources can substitute for
them in production.

Substitution is not instantaneous. Equipment is long-lived, supply
chains are established, technology choices are sunk. There is a gap between
the response observable in the short run and the response available in the
long run, and its size matters. How we measure the elasticity depends on
the time horizon of the data at hand. And how a transition unfolds—its
cost and speed—depends not only on the long-run value but on how
quickly the economy can move toward it. When short-run substitution is
genuinely difficult, the question shifts from how much the economy can
reorganize to what policy can do while it cannot.

This thesis comprises three self-contained chapters, each taking up one
aspect of this set of questions. Chapter 1 asks how large the substitution
potential is between fossil fuels and electricity in German manufacturing.

Chapter 2 asks whether long-run elasticities can be measured using short-



run variation when adjustment is costly. Chapter 3 asks whether, when
substitution in response to a shock is infeasible, preemptive policy can
compensate for it.

In the first chapter, Can the plants turn green?, 1 study the elec-
trification potential of the German manufacturing sector. The central
finding is a within-plant elasticity of substitution between fossil fuels and
electricity of 5, substantially larger than existing micro-level estimates of
around 1.5.

Using plant-level microdata from the German manufacturing census,
I show that fossil fuels and electricity respond differently to changes in
production output. Instrumenting changes in output with plant-level
demand shocks, electricity use adjusts almost three times as strongly as
fossil fuel use, and fossil fuel use exhibits higher persistence over time.
This asymmetry is inconsistent with the standard assumption of a static
energy input choice, and is consistent with the presence of adjustment
frictions specific to fossil fuel use.

I develop a structural production function model with adjustment
costs for fossil fuel use to study the implications of this finding. In such a
model, canonical estimators of the elasticity of substitution are downward
biased: for local shocks and short time horizons, a low elasticity and
an adjustment cost are observationally similar. The structural model
imposes additional moment restrictions on the time-series behavior of
inputs, which allows separate identification of the elasticity and the
friction. Structural estimation yields the within-plant elasticity of 5.

I illustrate the implications for climate policy using Germany’s sec-
toral emission targets. A 40% reduction in fossil fuel use can be achieved
with an 11% tax on fossil fuel prices, causing a 7% contraction in output.
Under the lower elasticity from existing estimates, the same reduction
requires a 23% tax and causes a 14% output contraction.

Finally, I document large cross-sectional heterogeneity in the energy
mix across plants, even within narrowly defined products. This hetero-
geneity implies an additional extensive margin of adjustment through

reallocation across plants, augmenting the within-plant intensive margin.



The within-plant elasticity of 5 is thus a lower bound on the aggregate
potential for substitution.

The finding that adjustment frictions in fossil fuel use lead to un-
derestimation of the elasticity by canonical methods raises a general
methodological question. Adjustment frictions are not unique to energy:
the empirical literature documents elasticity estimates that increase with
the time horizon of identification in many settings, consistent with the
presence of adjustment frictions. Short-run estimates obtained with canon-
ical methods may therefore systematically understate the corresponding
long-run elasticities across many applications.

In the second chapter, Long-run elasticities from short-run variation,
I build on that point and develop a linear estimation framework to infer
the long-run elasticity of substitution between inputs from short-run
variation in input use, when the input choice is subject to adjustment
costs.

A common finding in the empirical literature is that elasticity es-
timates increase with the time horizon of the price change, there is a
distinction between a short-run and a long-run elasticity. Both values
are relevant for policy: the short-run elasticity governs the speed of the
transition, while the long-run value describes its endpoint. The short-
run elasticity is easier to estimate, since plausibly exogenous transitory
price variation is more readily available than exogenous and persistent
variation.

I show that in certain cases the short-run dynamics of input use are
still informative about the long-run elasticity, and that the relationship
between the two can be expressed in a closed-form correction factor. To
derive that result, I model the choice of the ratio of inputs subject to
a quadratic adjustment cost. Under a second-order approximation of a
CES production function, the short-run elasticity is the product of an
attenuation factor and the long-run elasticity. The key insight is that the
persistence of the input ratio is a sufficient statistic for the adjustment
friction, enabling separate identification of the elasticity and the friction.

The attenuation factor has a closed-form expression in three parameters:
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the persistence of the input ratio, the persistence of the relative price,
and the discount factor. The first two can be estimated from the data; the
third can be calibrated to standard values. In the presence of adjustment
costs, the long-run elasticity is weakly larger than the short-run elasticity.

I show that the canonical within estimator in panels targets the short-
run elasticity. The canonical long-run estimator, the between estimator,
is generally inconsistent unless the level of prices is strictly exogenous
across units. The correction approach is complementary: it targets the
same long-run parameter under a different set of assumptions, relying on
exogeneity in changes rather than levels of the price, but imposing more
structure on agents’ behavior.

I apply the method to intermediate input substitution in Indian
manufacturing, using data from Peter and Ruane (2025). They estimate
a short-run elasticity of around 0.5 and a long-run elasticity of around 2.5
over 7 years, using the Indian trade liberalization as a natural experiment.
My correction factor implies a long-run elasticity 2 times the short-run
estimate, smaller than their directly estimated ratio of around 5. Possible
sources of the discrepancy include different identification assumptions,
model structure, and the time horizon over which the long run is defined.

The first two chapters study how adjustment frictions attenuate the
economy’s short-run response to shocks, and what this implies for mea-
surement and policy. They ask how large the response to a shock is, and
find that it is larger than canonical estimates suggest. A complementary
question arises when the response is severely limited: can policy inter-
vention compensate? If production is hard to reallocate after a shock, a
government may try to shape its composition before adverse events occur,
rather than inducing reallocation after the fact. But such preemptive
intervention introduces a new challenge: rational agents anticipate the
government’s response to their choices, potentially undoing the intended
benefits.

The third chapter, Financial frictions and aggregate risk exposure,
turns to a setting with a different kind of friction: a financial constraint.

This constraint limits the reallocation of production across technologies
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after a shock, and the chapter asks whether preemptive policy intervention
can improve welfare.

Entrepreneurs choose between a safe technology with stable produc-
tivity and a risky technology with higher expected productivity but
exposure to adverse shocks. A collateral constraint limits firms’ ability
to borrow capital, capturing the limited scope for reallocation after a
shock. A planner redistributes assets across technology types before pro-
duction occurs, relaxing borrowing constraints for some firms at the cost
of tightening them for others. Crucially, the planner lacks commitment:
it chooses redistribution after observing the composition of technology
choices, and agents anticipate this when making their decisions.

The laissez-faire allocation is constrained efficient. Comparing no-
commitment intervention to laissez-faire, the welfare effect decomposes
into two opposing forces: a redistribution gain from optimally reallocating
assets holding technology composition fixed, and a distortion cost from
the shift in technology composition induced by anticipated redistribution.
The distortion arises because agents respond to anticipated redistribution
through two channels: higher expected profits from relaxed constraints,
and a direct wealth transfer. The planner internalizes only the first when
choosing redistribution, creating a wedge that causes agents to overshoot
toward the favored technology.

The distortion cost exceeds the redistribution gain for the large major-
ity of parameterizations. Only when the risky technology produces almost
nothing in the bad state does no-commitment intervention marginally
improve welfare. This is an empirically extreme scenario corresponding
to near-complete supply cutoff. In the empirically more relevant case of
major price spikes but no complete cutoffs, the distortion cost dominates,
and preemptive intervention reduces welfare, relative to a planner not
intervening at all.

Chapters 1 and 2 show that canonical methods can miss the elasticity
when frictions are present, and that the difference runs in a specific
direction: short-run variation understates long-run flexibility. Correcting

for this changes both the number and the policy conclusion that follows



from it. Chapter 3 takes the limit case—a friction so severe that post-
shock reallocation is effectively impossible—and asks whether pre-shock
policy can compensate. The answer depends on commitment: without it,
anticipation of the policy distorts the very choices the policy was meant
to shape.

Frictions are not nuisances to be averaged out. Their structure—
adjustment costs, persistence, financial constraints—determines what we
can measure and what a government can credibly do. Taking the friction
seriously, rather than absorbing it into an aggregate response, is what

changes the policy answer in each chapter.
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1.1 Introduction

Fossil fuels are both pervasive and problematic. They fuel the economy,
but releasing their energy necessarily also releases carbon dioxide (COsy),
the main driver of climate change. Electricity from renewables is an
alternative source of energy with no immediate CO2 emissions. Can the
economy meet its energy demands with such non-emitting sources?

Fuel requirements are typically embodied, meaning a particular piece
of equipment requires a particular fuel. Gas turbines, electric motors,
and petrol engines have their names for a reason. But the same process
can often be performed by different equipment requiring another fuel: All
these three pieces of equipment generate mechanical energy, or movement,
but from different fuels. The question about the transition away from
fossil fuels is thus a question about the development and adoption of
technologies.

I study the use of fossil fuels and electricity in the census of German
manufacturing plants. The manufacturing sector accounts for almost 30%
of primary energy consumption in Germany, and fossil fuels comprise more
than 70% of its consumption, see figures 1.1 and 1.2. I show that there
is substantial heterogeneity in this energy mix across plants: Among the
subset of plants that produce a single product (6-digit resolution), there
is four times more variation across plants than within plant over time. In
the full sample, among plants in the same 4-digit industry, there is almost
five times more variation in the cross-section than within plant over time.
This variation can not be explained by observable characteristics like
location, year of entry, or the scope of production (proxied as the share
of intermediate inputs in value-added). Plant size can explain some of
the variation, larger plants use relatively less fossil fuels. A plant at the
80th percentile of the distribution of revenue has a 5.5 percentage points
(p-p.) lower fossil fuel share in the energy mix compared to plant at the
20th percentile on average.

Finally, I show that the factor demands for fossil fuels and electricity

respond differently to demand shocks. I instrument changes in physical



~
wt

o
wt

Energy consumption (exajoule)
ot
o

=
o

2005 2010 2015 2020
Year

. Manufacturing . Transport . Residential Services

Figure 1.1: Primary energy consumption over time by sector in Germany. Own
calculations based on Arbeitsgemeinschaft Energiebilanzen e.V. (2025).

output with plant-level demand shocks, and estimate the elasticity of
energy use. Fossil fuel use is inelastic. For a 1% change in output, fossil
fuel use changes by only 0.16% in the first year, and 0.24% in the second.
Electricity use is more elastic. For a 1% change in output, electricity use
changes by 0.62% and 0.64% in the first and second year respectively.
Electricity use thus responds almost three times as strongly as fossil fuel
use. A homothetic production function, as commonly assumed in the
literature, would imply equal elasticities, which I can reject.

These results are novel and inconsistent with the common assumption
of the choice of energy inputs as static and without dynamic consider-
ations. To study the implications of this finding, I develop a dynamic
model of heterogeneous plants that can reproduce these empirical findings.
Plants differ in their productivity and a clean energy share parameter,
both of which are permanent types. They produce a homogeneous output
good by combining clean and dirty energy in a constant elasticity of
substitution production function with decreasing returns to scale. I add

one critical ingredient: a dynamic adjustment cost for dirty energy use.
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Figure 1.2: Primary energy consumption over time by clean and dirty sources
within the manufacturing sector in Germany. Clean energy sources include
electricity and renewables, dirty energy are fossil fuels. Own calculations based
on microdata provided by Research Data Centre of the Statistical Offices of the
Federal States (2023).

This is a reduced-form representation of the fact that fossil fuel equipment
is subject to technical constraints, like so-called ramp times, that make
adjustments costly. I assume that clean energy use can be adjusted freely.
There is one source of exogenous variation in the model: an idiosyncratic
stochastic demand process. Plants choose their inputs to maximize the
net present value of profits. The distribution of plants over types is
determined by a selection mechanism at entry. A potential entrant draws
a productivity and clean share parameter from independent distributions,
and must pay a fixed cost to enter. The fixed cost increases with the
clean share parameter, to match the empirical correlation. There are two
margins of substitution between clean and dirty energy in the model: A
within-plant intensive margin, where a given plant substitutes between
clean and dirty energy, and a between-plant extensive margin, where
plants with different clean shares are selected at entry.

I estimate the model and can quantitatively reproduce the empirical
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findings. The elasticity of substitution between clean and dirty energy
at the micro-level is estimated as 5.1, substantially larger than other
micro-level estimates in the literature.! I show that in the presence
of the adjustment costs, it is optimal for plants not to react fully to
changes the relative price of energy or demand shocks, which introduces
a downward biased estimate of the “deep” elasticity of substitution with
the canonical approach. Due to the lack of data on firm- or plant-level
prices of energy in my setting, I can not directly compare the estimates.
The adjustment cost payments are small, representing less than 0.5% of
a plant’s total costs on average. Yet, they are sufficient to generate the
observed difference in elasticity estimates.

I show the relevance of the findings for climate policy by conducting
two policy experiments in the estimated model: an entry subsidy for
clean plants, and a tax on dirty energy. The entry subsidy lowers the net
fixed cost of entry for plants with a higher clean share parameter draw.
It is not effective at increasing the aggregate clean share of energy use.
The policy acts only at the entry margin by construction, but aggregate
energy consumption is primarily driven by very productive firms, far
above the entry cutoff. Spending one entire period’s output on the entry
subsidy increases the aggregate clean energy share by less than 0.1%.
The policy is expansionary, meaning that it even increases total use of
both clean and dirty energy.

A tax on dirty energy is effective at reducing dirty energy use. A 40%
reduction in aggregate dirty energy use (corresponding to Germany’s sec-
toral target for 2030, relative to 2018) can be achieved with a permanent
11% tax on dirty energy prices. The policy strictly increases marginal
costs, and thus leads to a contraction in aggregate output of 7%, while
generating revenue of around 1.5% of output. I show that the effectiveness
of the tax critically depends on the value of the elasticity of substitution

between clean and dirty energy. In a counterfactual calibration in line

!The average micro-level elasticity over industries in Jo (2024) is around 1.5. The
aggregate elasticity in Papageorgiou et al. (2017) is around 3. Stern (2012) estimates
a value around 1.

11



with existing micro-level estimates at a value of 1.5, the tax must be
23% to achieve the same 40% reduction in dirty energy use, leading to a
contraction in output of 14%. The results suggest that the plants can
turn green to a larger extent than previous estimates suggest, lowering
the cost of climate change mitigation.

To map from the empirical analysis to the model, I classify energy
as “clean” and “dirty”. I consider all electricity consumed by a plant
as clean, irrespective of how it was generated. While most electricity
was generated from fossil sources during my sample, electrification is a
necessary (but not sufficient) condition for a production process to run
without emissions. If a plant electrifies, it can in principle be powered by

renewables. 1 classify all fossil fuels as dirty.

Related Literature This paper speaks to the literature on climate
macroeconomics, in particular the literature on substitution between
“clean” and “dirty” inputs. Seminal papers in this literature (Acemoglu
et al., 2012, 2016; Golosov et al., 2014) both stress the importance of
the substitutability between clean and dirty inputs, and lament the
lack of empirical estimates. The value of the elasticity of substitution
determines the path and level of optimal policy, and the transition path
of the economy. The transition to a clean economy is faster and cheaper,
the higher the elasticity of substitution. Casey (2024) shows that the
distinction between a short- and long-run elasticity is relevant for total
emissions along the transition path. I contribute to the literature by
providing estimates of the elasticity of substitution between clean and
dirty inputs in a case for which this distinction is relatively clear: energy.
By documenting the large heterogeneity in the energy mix across plants
even within product, I show that there is substantial latent potential for
aggregate substitution, even through mere technology adoption, rather
than innovation. The within-plant elasticity can be interpreted as the
short-run elasticity, while the long-run elasticity is augmented both by a
demand reallocation channel between plants (Oberfield & Raval, 2021),

and the selection at entry.
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The paper is closely related to the literature on input substitution.
A timeless focus is on the elasticity of substitution between capital and
labor (Antras, 2004; Chirinko, 2008). Diamond et al. (1978) provide an
important non-identification result: in the presence of factor-augmenting
technical change, the elasticity of substitution is not identified from
timeseries data. A large literature devises identification strategies or
structural models to estimate the substitutability between intermediate
inputs (Barrot & Sauvagnat, 2016; Boehm et al., 2023; Peter & Ruane,
2025). The findings are typically a low short-run elasticity of substitu-
tion, that increases with the time horizon. A much smaller literature
employs similar methods to estimate the elasticity of substitution be-
tween types of energy: Jo (2024) derives an estimation equation from a
CES specification, and instruments for changes in the relative price of
clean and dirty energy. Papageorgiou et al. (2017) non-linearly estimate
a CES production function on sector-level data. Stern (2012) conducts
a meta-analysis of estimates at different levels of aggregation. These
papers report estimates of the elasticity of substitution of around 3
from cross-sectional variation, and around 1 from time-series variation.
The different values are interpreted as a short- and long-run elasticity.
Kaartinen and Prane (2024) and Leclair (2025) develop structural models
and calibrate them to microdata, to study the substitution between a
large set of fuels in production. Another approach is the estimation of
translog cost functions (Arnberg & Bjgrner, 2007; Bousquet & Ladoux,
2006; Hyland & Haller, 2018). The elasticity of substitution is implied
by the estimated cross-price elasticities, but it is not typically calculated.
I contribute to the literature by providing a structural estimate, and
documenting possibly a large potential for substitution, given the large
heterogeneity.

Lastly, there is a growing literature analyzing energy use in manu-
facturing microdata. Barrows and Ollivier (2018) show that across-firm
composition effects drive energy intensity in Indian manufacturing. Rot-
tner and von Graevenitz (2024) show that aggregate emission intensity

in German manufacturing decreased due to compositional effects, while
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the intensity increased at the product level. Marin and Vona (2021) find
negative employment effects in response to energy price increases in the
French manufacturing sector. Hawkins-Pierot and Wagner (2025) and
Linn (2008) document technology lock-in effects for energy intensity. A
recent strand of the literature estimates causal effects of environmental
policy. A focus is on the response of COsy emissions to carbon taxa-
tion, or emission trading systems (Andersson, 2019; Colmer et al., 2024;
Dechezleprétre et al., 2023; Gerster & Lamp, 2024; Martin et al., 2014;
Martinsson et al., 2024; Shapiro & Walker, 2018). A robust finding is a
reduction of the emissions of treated firms or plants, without adverse
effects on economic activity. I contribute to the literature by studying
energy use at the micro level, and add by considering the heterogeneity

between plants.

How is energy used in manufacturing? Figure 1.3 breaks down
energy consumption in German manufacturing by source and application.
In 2023, 98.5% of fossil fuel use was for thermal applications, predomi-
nantly process heat. 67% of electricity use is for mechanical applications,
mostly machine drives (for example pumps, compressors, drills, conveyors,
or fans). 24% of electricity use is for thermal applications. The remaining
9% include lighting and IT systems. 76% of primary energy consumption
is for thermal applications, and 21% for mechanical applications. The

remainder includes lighting and IT.

Energy Primer Energy comes in different forms: thermal, mechanical,
and electrical, among others. A common aggregate measure is primary
energy consumption. It is defined as the heating potential or energy
content of the fuels consumed, for example in units of joule (J) or
watt-hours (Wh). When converting between different forms of energy
there are losses. The useful energy content of a fuel is almost always
lower than its heating potential. For example, a typical gas turbine
that generates mechanical power from natural gas has an efficiency of

around 40%: only 40% of the heating potential of the gas are converted
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Figure 1.3: Primary energy consumption by source and application in German
manufacturing in 2023. The width of a bar represents its share of total primary
energy consumption. Fossil fuels are almost exclusively used in thermal applica-
tions, for process heat. Electricity is mostly used in mechanical applications,
but also for heating and cooling. Own calculations for the year 2023 based on
Fraunhofer ISI (2025).

into useful mechanical energy, the remainder is lost as waste heat. In
an increasing number of applications that waste heat is recovered to
increase overall efficiency to up to 80-90%. Converting electrical energy
into mechanical energy is more efficient, with typical efficiencies for
electric motors above 90%. Producing thermal energy from electricity
using heat pumps can be done with implicit efficiencies even above
100%, since they concentrate and move heat instead of generating it. To
substitute fossil fuels with electricity, only the useful energy content must
be replaced, not the entire primary energy consumption. In this paper, I
study primary energy consumption, which is reported in the data. With
different processes, there is not a single conversion factor from primary

to final energy consumption.

1.2 Data

1.2.1 Source and coverage

I use confidential microdata from the census of German manufacturing

plants. The data is provided by the Research Data Center of the German
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statistical agency Destatis, and made available under the name AFiD
(Amtliche Firmendaten fiir Deutschland, official firm data for Germany).
The unit of observation is a plant (Betrieb in German), defined as a
geographically bounded unit of production that belongs to a firm. Some
variables are available only at the firm (Unternehmen) level, where a
firm is the smallest independent legal entity required to keep accounts.

The data covers the universe of plants belonging to a firm with 20
or more employees in the manufacturing sector in Germany. [ combine
the modules on production, energy use, and employment, revenue, and
investment (Research Data Centre of the Statistical Offices of the Federal
States, 2023).2 The data covers the years 1995 to 2021, except for the
energy module, which starts in 2003.

Sample restrictions I restrict the sample to the manufacturing sector,
corresponding to NACE Rev. 2 section C. I remove observations for
which the following variables are within the top and bottom 2.5% of
observations with strictly positive values by 2-digit industry: (i) dirty
energy over clean energy, (ii) clean energy per worker, (iii) dirty energy
per worker, and (iv) output per worker. I retain observations for which

dirty energy use is zero, as some plants use only clean energy.

1.2.2 Variable construction

Energy use The energy module records the heating potential in
kilowatt-hours (kWh) of fuel consumed at the plant for 10 fuel categories.
The largest fuel categories by consumption are natural gas, electricity,
and coal products, accounting for 30%, 25%, and 16% of total energy use
on average over time, respectively.? I aggregate the energy use into clean
and dirty: I define clean energy as the sum of electricity and renewables,
and dirty energy as the sum of fossil fuels, as well as district heat. Some

plants generate electricity from fossil fuels on-site, and the data does not

2All results in this paper are own calculations based on the AFiD data.
3The remaining fuel categories and shares are: other oil products (9%), other gas
products (6%), district heat (5%), renewables (4%), waste (2%) and heating oil (2%).
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distinguish between the use of fossil fuel in production and for electricity
generation. For those plants, I estimate the kWh of dirty energy used in
production by subtracting the kWh of electricity generated on-site from
the total kWh of dirty energy consumed.?

Output The production module records both price and quantity for
each product a plant produces in a given year. This level of detail allows
me to construct a plant-level price index, to generate an accurate measure
of real output. I construct a Toérnqvist price index at the plant level
(described in Eslava et al., 2004).° Due to the arbitrary basis, the level
of Tornqgvist-deflated output is not comparable across plants. The index

does provide a more accurate measure of the changes in real output

4The relation between generated electricity, E€ 8", and dirty energy use for gen-
eration, E¢ 8" is [° 8" = pelec gl een where n°°° € (0,1) is the electrical efficiency
of generation. The remaining heating potential is converted into heat in the process,
Edheat — pheat prd gen it} pelec 4 pheat — 1 by the first law of thermodynamics.
Almost all plants with on-site generators employ combined heat and power generation
(CHP), so use that heat in production. The adjusted dirty energy heating potential
available for production is then

Ed prod — Ed _ Ed gen + Ed heat _ Ed _ Ed gen + nheatEd gen

_ Ed _ (1 _ heat) Ed gen __ Ed _ (1 _ heat) Ec s
- n - n nclcc
— Ed _ Ec gen.
This assumes that the recovery rate of useful energy from E? P! is equal to the

conversion efficiency, which is the case on average. Engineering estimates for both are
around 0.7-0.9, depending on exact application.

5The Térnqvist index is a chained price index. The change in the index P; for a
basket of goods G from period ¢ to t + 1 is

A IOg Piy1 = Z §gt+1A log Pgt+1,
geG

_ Sgt+1 1 Sgt
Sgt+1 = -~ 9

where Py, is good ¢’s price, and sg¢ is its quantity share of the basket in period ¢. The
index price in period ¢ is then

t
P, =exp (ZAIogPT> .

T=1

It is implicitly normalized to the first year in which the plant is active.
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though, compared to industry-level deflators. For a measure of output
that is comparable across plants, I deflate the nominal value of production

and revenue, see below.

Deflators 1 deflate revenue and the nominal value of production to
2015 Euro using producer price indices (PPIs) at the 2-digit industry
level from the Federal Statistical Office of Germany (Destatis). I deflate
expenditure on intermediate inputs to 2015 Euro using the corresponding
price series at the 2-digit industry level from the EU KLEMS database
(Bontadini et al., 2023).5

Industry and product classification The industry and product
classifications change several times during the sample period. I harmonize
all classifications to the versions used in the latest years in the sample.
For industry, the mapping between old and new schemes is not unique
for most industries. I map all 4-digit industry identifiers to WZ2008
(equivalent to NACE Rev. 2) according to the following rule. Among
plants that are active before and after the change in classification, I copy
the new classification to the previous years. For plants that are active
only under the old classification, I assign the most common transition
from the plants that are active in both classifications. For products, I
map the 9-digit product identifiers to the GP2019 classification scheme
(corresponding to PRODCOM up to 8 digits, with Germany-specific
details at the 9th digit). At this resolution, there is a unique mapping
between the old and new classifications for most products. For ambiguous

cases, I choose the first product listed in the official correspondence table.

Intermediate inputs The expenditure on intermediate inputs or
materials is recorded only at the firm level, and not in all years for all firms.
The variable is part of the cost structure survey (Kostenstrukturerhebung).

This survey is conducted every year for firms with 500 or more employees.

SPPI: Destatis table number 61241-0003; intermediate input prices: EU KLEMS
national accounts series I1_PI.
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Among smaller firms, a sample stratified by 4-digit industry and number
of employees is drawn, such that a total of around 16,000 firms are
included. Smaller firms are included every four years on average. Among
multi-plant firms, I assign intermediate inputs expenditure according to

the share of total nominal production value.”

Entry The data does not directly record the year of entry of a plant
or firm. For plants that enter after the first year of the sample, 1995, I
define their year of entry as the year in which they first appear. Given
the inclusion criteria, this is the actual year of entry for plants that
are part of a firm with 20 or more employees. For plants belonging to
smaller firms, it measures the year in which the firm grows to at least 20
employees. There is a level difference between these sets of plants: plants
of existing firms have on average fewer employees at entry. Both follow

very similar trajectories over time.

Summary statistics Table 1.1 presents summary statistics of the

sample for the main variables used in the analysis.

Variable N Mean SD  Median 10th Pct. 90th Pct.
E°¢ 248590 4305614 20398274 717022 107978 8279847
Ed 248590 7737987 45403063 547884 101782 10426251
DyY 248590 30212108 88538350 9613197 2455404 66202875
log Ed/EC 248590 -0.09 1.20 0.06 -1.71 1.30
Ed/(EC + Ed) 248590 0.49 0.23 0.52 0.15 0.79
E. exp./VA 186771 0.06 0.06 0.04 0.01 0.13

Table 1.1: Summary statistics for clean and dirty energy use (E°¢, E¢ in
kWh), revenue p,Y (in 2015 Euro), the log of the ratio of dirty to clean energy,

log E4/E¢, the dirty energy share, E?/(E¢ + E?), and total energy expenditure
over value added (E. exp./VA, available only at the firm-level).

Energy prices The data does not record plant- or firm-level prices of

energy. Prices for energy are determined on national markets in Germany.

794% of firms have one plant. 82% of plants belong to a single-plant firm. Both
shares are stable over time.
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There exists a single wholesale spot market for electricity, with some
regional variation in price surcharges. Natural gas is not traded centrally,
but prices are similar across the country (Bundesnetzagentur, 2021).
There are level differences in the prices of electricity and natural gas
by consumption band: larger consumers pay lower prices per kWh. The
relative price is constant over the consumption bands though (own
calculations based on Destatis, 2023). Figure 1.4 shows price indices for
electricity, and the major fossil fuels used in manufacturing: natural gas,
coal, and fuel 0il.® All prices are increasing over time. The prices of fossil
fuels are correlated, and are more volatile than the price of electricity,
but no divergence in the trends is apparent. This is consistent with the

stability of the aggregate energy mix.
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Figure 1.4: National price indices of the four main energy sources in German
manufacturing. All indices are trending upwards over time. The prices of fossil
fuels are correlated, and more volatile than the price of electricity, but no
difference in trend is apparent. Data from Destatis (2023).

8The price indices are from Destatis (2023). The series are “Elektrischer Strom bei
Abgabe an gewerbliche Anlagen” for electricity, “Erdgas, bei Abgabe an die Industrie”
for natural gas, “Heizdl leicht” for fuel oil, and “Steinkohle” for coal.
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1.3 Empirical Results

1.3.1 Variation in the energy mix

There is substantial variation in the energy mix. I calculate the share
of dirty energy in total energy use, E¢/(E° + E?) as a measure of the
energy mix. This share has a mean of 0.49 and a standard deviation
of 0.23. Another measure is the log ratio of dirty to clean energy use,
log(E%/E®), which has a mean of -0.01 and a standard deviation of 1.2. T
will use this log-ratio as the primary measure for its convenient numerical

properties in most subsequent analysis.

0.3
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0.00 0.25 0.50 0.75 1.00 -4 -2 0 2
Dirty energy share, E%/(E® 4+ E°) Energy mix, log B¢/E°
(a) Distribution of dirty energy share. (b) Distribution of energy mix.

Figure 1.5: Kernel density estimates of (a) dirty energy share and (b) energy
mix across manufacturing plants over the whole sample. 8% of plants use clean
energy only, which are excluded from these density estimators.

What drives this variation? Observable characteristics of the plants
can explain only a small fraction of it. I estimate the regression

Ed
log E—” = fixed effects + n;, (1.1)

c
ot

for several sets of fixed effects: year, industry at the 2- and 4-digit
level, product at the 6-digit level, district (Landkreis)?, and plant. The

9There are 401 Landkreise in Germany. The average number of plants per district
is 95, the median 68.
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results are reported in table 1.2. Table 1.B.1 additionally reports sample
size and Bayesian Information Criterion (BIC) to demonstrate that the

explanatory power of plant fixed effects is not due to overfitting.

Fixed Effects adj. R?
Industry (2-digit) 0.14
Industry (4-digit) 0.27
Industry (4-digit) by Year 0.28
Product (6-digit) 0.35
District 0.03
District + Industry (4-digit) 0.28
Plant 0.87

Table 1.2: Adjusted R? for regressions of energy mix measure log Eft /ES, on
different sets of fixed effects. For the models with district effects and product
effects, I restrict the sample to districts with at least 5 plants, and products
produced by at least 5 plants.

In the full sample, the industry a plant belongs to explains a quarter
of the variation in the energy mix. Among plants that produce only a
single product, the product they produce explains a little over one third
of the variation in the energy mix. The district a plant is located in
explains very little by itself, and adds only marginally to the explanatory
power of industry. The year also explains little variation. Plant fixed
effects stand out: they explain 87% of the variation in the energy mix.

Under the assumption of an additive hierarchical model (log B¢ /Ef, =
fe; + fegroup(s) + €it), I can calculate the ratio of the variances from the
R? values. The ratio of the between-plant to within-plant variance can

then be calculated as

R%, . — R?

plant group

1— R? ’

plant

where Rfﬂant is the R? from plant fixed effects, and Rgmup is the R?
from a grouping level (e.g., industry). Using this formula, I find that the
variation in the energy mix between plants relative to within plant over

time is about 4 times larger among producers of the same product, and
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Dependent Variables: log E4/ES, log E4/EY,

Model: (1) (2)

log Yy -0.1603 -0.1019
(0.0078)  (0.0063)

Fized-effects

Plant Yes No
Year Yes No
4-digit Industry by Year No Yes
Fit statistics

Observations 248,590 248,590
R? 0.92 0.36
within- R? 0.013 0.014

Table 1.3: Conditional correlation between energy mix and plant size. Standard
errors are clustered by plant and year.

4.6 times larger among plants in the same 4-digit industry.

1.3.2 Energy mix-size correlation

One observable characteristic that can explain variation in the energy
mix is the size of a plant. Larger plants have a higher share of clean
energy in their energy mix. This holds within plant over time, and in
cross-section controlling for different sets of fixed effects.

I estimate the conditional correlation with the regression equation
log —- = Blog Yit + Oge(ir) + Vit, (1.2)

where dg(; ) are different sets of fixed effects, and Yj; is PPI-deflated

revenue. The results are reported in table 1.3.
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1.3.3 Differential dynamics of clean and dirty energy use
Estimation approach

To understand how clean and dirty energy enter production, I estimate
their factor demand elasticities: how much does the use of each input
change in response to changes in output? To estimate the factor demand

elasticity, I regress the change in factor use on the change in output,
Ay log Xit = BrAxlog Yie + Yy, + &ri) + Eits (1.3)

where Ayzir = zit — Zit—k, and X;; are production inputs. I include fixed
effects 7,(; ) for 2-digit industry-by-year, and &, ; ;) for district-by-year.
This equation suffers from several sources of bias: (i) simultaneity bias
(Marschak & Andrews, 1944), as inputs and outputs are jointly chosen;
(ii) attenuation bias, as productivity shocks introduce variation in Yj;
without corresponding changes in X;;; (iii) omitted variable bias, as
idiosyncratic input price shocks may change both factor demand and the
optimal scale of production.

To circumvent these problems, I construct a demand shock instrument
for the change in output. For each plant 7 and year ¢, I calculate the
leave-one-out change in real output within the plant’s 4-digit industry
Lit:

shockt, = log Z Y —log Z Yji—k. (1.4)
JEZi\ {3} JE€Tit\{i}

Exclusion restriction This instrument directly addresses the simul-
taneity and attenuation biases, as it is uncorrelated with plant-level
shocks by construction. It addresses the omitted variable bias for the
same reason: conditional on industry-by-year and state-by-year fixed
effects, the instrument is uncorrelated with idiosyncratic input price
shocks. The exclusion restriction could be violated for plants that have
sufficiently high shares in either the input or output markets, such that

their behavior influences prices. Concentration is low in the data in
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general, and I further address the issue by restricting the analysis to

4-digit industries with at least 50 plants each year.

Identifying variation The factor demand elasticity is then identified
by variation at the 4-digit industry-by-year level, controlling for 2-digit
industry-by-year and state-by-year fixed effects. The 2-digit industry-by-
year effects control for aggregate shocks and structural trends, while the

state-by-year effects absorb regional shocks.

Results

I estimate equation (1.3) using 2SLS for clean and dirty energy E¢, B¢,
respectively, up to 2-year differences. The first stage results are strong,
with a coefficient estimate of 0.22 in the first year, and 0.20 in the second,
and Wald statistics of 146 and 145, respectively. Appendix table 1.B.2
reports the first stage results.

The factor demand elasticity estimates are reported in Table 1.4.
Dirty energy is not very responsive to demand shocks in general. This

contrasts with the response of clean energy, which is much more elastic.©

Heterogeneity and robustness The results for both the first and
second stage are broadly symmetric for positive and negative demand
shocks (appendix table 1.B.4). I estimate the regression separately by
2-digit industry, and find very similar results in all the industries that
have sufficiently many plants for the first stage to be strong. The effects
appear to be linear: when including a quadratic term in both stages, only
the linear terms are statistically significant, and are similar in magnitude
to the linear specification (appendix table 1.B.5). I repeat the exercise
on a subsample of plants that produce only a single product at the

6-digit level. I construct the demand shock instrument analogously at

OFor illustration, I also estimate the factor demand elasticities for labor and
materials inputs. The results are presented in appendix table 1.B.3. The response of
labor is between those of clean and dirty energy. The elasticity of materials is 1, they
respond one-for-one to output changes.
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Dependent Variables: Ailog E? Ajlog E¢ Aglog B¢ Aslog E°

(1) (2) (3) (4)
AplogY 0.1641  0.6198
(0.0592)  (0.0321)
AglogY 0.2362  0.6411

(0.0586)  (0.0357)

Fized-effects

Year by 2-digit Industry Yes Yes Yes Yes
Year by District Yes Yes Yes Yes
Fit statistics

Observations 275,455 304,305 249,927 276,385
Wald (1st stage) 146.15 153.27 144.65 158.02

Table 1.4: 2SLS regression results for equation (1.3), factor demand elasticity
for dirty and clean energy at 1-year and 2-year differences. Standard errors
are clustered at the plant and 4-digit industry by year level. The dependent
variable is the change in factor use, Ay log X;;, where k is 1 or 2 years. The key
independent variable is the change in output, Ay log Y;;. This change in output
is instrumented with the change in the leave-one-out output within a plant’s
4-digit industry. Fixed effects for year by 2-digit industry and year by district
are included.
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the product-by-year level. The point estimates are very similar to those

in the full sample, although less precise due to the smaller sample size.

1.4 Model

1.4.1 Environment and technology

I develop a dynamic partial equilibrium model of infinitely-lived plants.
Plants are heterogeneous in their productivity and a clean energy share
parameter, both of which are permanent types. They produce a homoge-
neous output good by combining clean and dirty energy. Dirty energy
is subject to an adjustment cost: changing the level of dirty energy use
between periods is costly. Clean energy is chosen freely. The prices of
clean and dirty energy are exogenous and constant. The only source
of variation to a plant are idiosyncratic demand shocks, modelled as a
stochastic process for a plant’s output price.

The distribution of plants is determined through an entry margin.
Potential entrants draw productivity and clean share types from inde-
pendent distributions. To enter, they must pay an entry cost that scales
with their clean share type. A plant does enter if the expected present
discounted value of profits exceeds the entry cost, given its draw of
productivity and clean share type.

Plants combine clean and dirty energy, E¢ and E¢, in a constant
elasticity of substitution (CES) production function to produce energy
services F,

B(ES, B%b) = [b(E)T + (1 - b)(E*) 7 | = (1.5)
where b € (0,1) is the plant’s clean energy share parameter, and o > 0 is
the elasticity of substitution between clean and dirty energy.

The final good Y is then produced with a decreasing returns to scale

(DRS) production function from energy services:
Y (E¢,E% A, b) = AV *E(E°, E4; b)Y, (1.6)
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with productivity A > 0 and returns to scale parameter a € (0, 1).

Dirty energy is subject to a quadratic adjustment cost:

2
Ed-EdJ , (1.7)

where Eﬂl is the previous period’s dirty energy use, and ¢; > 0 governs
the scale of the adjustment cost.
The idiosyncratic price for the final good, py, follows an AR(1) process

in logs,
logp, = pylogpy +oye', € ~N(0,1), (1.8)

with persistence p, € (—1,1) and shock standard deviation o, > 0. The
shocks € are i.i.d. over time and across plants, and drawn from a standard
normal distribution.

I consider a partial equilibrium model for the following reasons.
Germany imports the vast majority of its fossil fuels (except for coal),
and electricity is traded on a large European market. Plants are price-

takers, and I am abstracting from equilibrium effects on energy prices.

1.4.2 Equilibrium

I consider a steady state partial equilibrium, with one-time entry. The
equilibrium is given by a distribution of plants over types (b, A), such
that all entering plants maximize their expected present discounted value
of profits given the exogenous prices of clean and dirty energy, and the

entry condition is satisfied.

1.4.3 Plant problem

Plants maximize the expected present discounted value of profits, by
choosing clean and dirty energy inputs. I am solving for their value

function and policy function for dirty energy use, E.
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Within period profits are

m(E¢, B, B\, py;b, A) = p,Y (E°, E% A, b)

J i (1.9)
— peE — paE” — (£, EY),

where p. and p, are the prices of clean and dirty energy, respectively.

The Bellman equation is

V(Eihpy; b: A) = gclaE)fi W(Ecv Ed> Eil)py; ba A)
’ (1.10)
+ BEp;\pyV(Edap;; b, A)a

where § € (0,1) is the discount factor.

1.4.4 Entry

There is a fixed mass of potential entrants normalized to 1. Each draws
a clean share type b € (0,1), and a productivity type A > 0 from the
independent distributions G and G4.

After entering, a plant can freely choose its initial dirty energy input

E4 such that its value function after entry is
Ventry (b, A) = max V (B, py;b, A), (1.11)

where p, is the unconditional mean of the idiosyncratic price process.

The entry cost is

FE(b) = f5 exp(f7b), (1.12)

where f§ > 0 governs the scale, and f{ represents the semi-elasticity
of the entry cost with respect to the clean share: a 1 percentage point
increase in b increases the entry cost by approximately f{ percent.

A plant enters, if the value of entry exceeds the entry cost,

Ventry (b, A) > f€(b). (1.13)
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1.4.5 Solution

The Bellman equation has the following scaling property in A (see

appendix section 1.A.1):
V (,uEfl,py;b,,uA) = uV(EY, py;b, A), Yu>0. (1.14)

This implies V(E?,py; b, A) = AV(A " EY, p,;b,1) = AV(E?,, py; b, 1):
the value function is linear in A when appropriately scaling Eil. Thus,
I need to solve it only for A = 1, and can then rescale the value and
policy functions by simply multiplying by some A’.

This carries through to the entry value function, which is then
Ventry (b, A) = AVenury(b, 1). With this, I define a cutoff for entry in
productivity for each clean share type b, A(b):

i fe(b)
A(b) = T (1.15)
A plant with a draw (b, A) enters iff A > A(b).

I specify G4 as a Pareto distribution with scale parameter A, and
shape parameter . Only the relative scale between A, and the scale
of the entry cost f§ matters, so without loss of generality I normalize
Amin = 1. For now suppose that f§ is such that A(b) > Apin = 1 for
all b. This ensures that the selection mechanism is active for all levels
of b. Then, the conditional distribution of A|b among entering plants is
a left-truncated version of G 4. In the case of a Pareto, the truncated
distribution is also a Pareto with the same shape parameter v and scale
parameter equal to the point of truncation, A(b).

The density of the conditional distribution of entering plants’ clean
share types, g,(b|A > A(b)), is given by Bayes’ rule (with a slight abuse

of notation):

(bl A > A(b)) = Pr(b|A > A(D)) =
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Since the distribution of A is Pareto with unit scale, Pr(A4 > A(b)|b) =
(fl(b))iv. Note that the denominator is the integral of the numerator
over the support of b. It equals the share of potential entrants that do
enter. The distribution of b among entering plants is then proportional
to the ex-ante distribution, down-scaled by the entry cutoff at each b

raised to the power of the Pareto shape parameter.

1.4.6 Illustration

To illustrate the interaction between the elasticity of substitution and
adjustment costs, I simulate impulse response functions of energy use
to a positive demand shock for different values of o and ¢,. Figure 1.6
plots the results. The shock is a one standard deviation increase in the
idiosyncratic price p,, with persistence of 0.2.

In the case of no adjustment costs, ¢1 = 0, both energy inputs respond
equally to the shock, regardless of the elasticity of substitution. This is
because the model effectively reduces to a sequence of static problems,
and the magnitude of the response is determined by the output response
to the demand shock only. The optimal ratio between both inputs is
determined only by their relative prices, which remains constant. With
adjustment costs, the responses differ: In general, dirty energy responds
less than clean energy. For a given level of adjustment costs, a higher
elasticity of substitution leads to a larger difference in responses. Vice
versa, for a given elasticity of substitution, higher adjustment costs lead
to a larger difference in responses. With an increasing adjustment cost
parameter, the response of dirty energy becomes more muted, but also
more persistent. It is this behavior that I exploit to separately identify

the elasticity of substitution and adjustment costs in the estimation.

1.4.7 Adjustment costs in the estimation of the elasticity
of substitution

Adjustment costs introduce a dynamic consideration into the plant’s

choice of energy inputs. Let b = 1/2 for simplicity, and consider the
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¢1 = 0.00

Figure 1.6: Smoothed impulse response functions of clean and dirty energy
inputs £¢ and E¢ in response to a 1 standard deviation demand shock with a
persistence of 0.2 in period 1. Without adjustment costs, ¢; = 0, the response of
both inputs is the same: The model is effectively a sequence of static problems,
and the magnitude of the response is determined by the output response to the
demand shock only. For a positive adjustment cost of dirty energy, ¢ > 0, the
responses of clean and dirty energy diverge: Clean energy always responds more
than dirty. This difference is increasing in the elasticity of substitution between
the two inputs, o, and the adjustment cost parameter, ¢;. The adjustment cost
parameter further determines the persistence of the response of dirty energy: it
is increasing in ¢;.

production function in equation (1.5)

E(EC’Ed;b: 1/2) = {(EC)UT*1 +(Ed)0771}ﬁ

With input prices p. and pg, the first order conditions, and the optimal

ratio of energy inputs in logs is

OE(E°, E®
0= # — De,
OE°
OE(E°, E%)
0= 6Ed — Pd,
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Ed
- logﬁ = Ulog]p)—:.

This last equation is commonly used in the literature to estimate the
elasticity of substitution between two inputs.
Consider now a simplified version of the dynamic model with adjust-

ment costs,
V(EL),py) = max p,Y (B, E) = pE° = paB” = §(EL,, )
d
+ BBy p, V(E \Dly)-

The first-order conditions for E¢ and E? are

oY (E¢, B¢
dY (E<, E) 0¢(EL,,EY)  OEV(EY p))
OzpyW_pd_ OEd + OEd :

Compared to the static case, there are two additional terms in the
first-order condition for E?.

Suppose for simplicity that p, follows iid shocks, such that
EV(Ed,p;) = EV(E?). Further suppose that the plant has had a series
of identical shocks, such that it is at steady state with respect to its

dirty energy use, E%, = E¢,. If the plant is at steady state, then

ORV (E?)

By =0.

Ei=pd,

Given concavity of the value function, any deviation E? # E?, reduces
the expected value. Additionally, the marginal adjustment cost is always
positive for B¢ # Efl. Thus, at steady state, the plant chooses a value
of E? closer to E4; than in the absence of adjustment costs. A plant
reacts less to changing prices when there are adjustment costs.

In simulations, this seems to extend to the dynamic case with per-

sistent shocks as well. There are no trends in the model, so on average
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plants are close to their steady state.

This has an important implication for the estimation of the elasticity
of substitution. If there are adjustment costs and the estimation approach
based on the static first-order conditions is used, the estimate will be
biased downwards relative to the true elasticity of substitution. That
estimate then represents a reduced-form parameter, which combines
the true elasticity of substitution, the adjustment cost parameter, and
the plant’s expectations about the price trajectory. It is not necessarily
informative about the true elasticity, which governs the potential for

substitution to permanent price changes.

1.5 Identification and Estimation

I estimate the parameters of the model to replicate empirical results
from section 1.3. The scaling property of the value function allows me to
separate the estimation of the dynamic within-plant part of the model,

and the cross-sectional entry part.

1.5.1 Within-plant dynamics

Table 1.5 lists the parameters that govern the within-plant dynamics.

Parameter Description Identified by

o Elast. of subst. between E%, E¢ Ratio of factor demand elasticities
P Adj. cost parameter Autocorrelation in Alog E4, Alog E¢
Py Demand shock persistence Autocorrelation in revenue

Tp, Demand shock volatility Within-firm variance in revenue

b Energy share parameter Distribution of energy mix

@ Returns to scale parameter External

B8 Discount factor External

Pe, Pd Energy prices External

Table 1.5: Within-plant model parameters and identification.

A crucial assumption is that b is fixed over time for each plant. This
is necessary to identify the elasticity of substitution (Diamond et al.,
1978).
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Elasticity of substitution and adjustment cost The difficulty
is in disentangling the adjustment cost parameter and the elasticity
of substitution. For transitory shocks, they have similar effects on the
dynamics of dirty energy use: It could be that dirty energy is adjusted
much less than clean energy either because there is a slight adjustment
cost and they are highly substitutable, or the adjustment cost is very
high, such that even though they are not very substitutable, it is not
adjusted much.

One solution is to consider permanent shocks and long differences.
Over an increasingly long horizon the adjustment cost becomes less
relevant. This approach is infeasible in my case, since there is no persistent
change in the relative price of clean to dirty energy over the sample period.

Instead, I separate the two by considering the dynamics of the changes
of dirty energy use compared to clean energy use and output. Suppose
there is some persistence in the demand shocks, p, € (0,1), and that
there is some adjustment cost, ¢1 > 0. Then, compare the two limiting
cases of ¢ in the CES aggregator of clean and dirty energy: In the Leontief
case (0 — 0), dirty energy use must adjust the same as clean energy use
in relative terms, the plant must bear the adjustment cost if it wants to
increase output. In contrast, in the perfect substitutes case (o — 00),
dirty energy use will not adjust at all, while clean energy use will adjust
the same as output. The relationship is monotonic for intermediate values
of o; the relative response of dirty energy use to that of clean energy use
and output varies between these two extremes.

Now consider the case of some o > 0, and let the adjustment cost
¢1 vary. In the case of no adjustment cost, the plant will maintain the
optimal energy mix, and adjust clean and dirty energy by the same
relative amount. The persistence in both energy inputs is then the same
as that of output. In the case of infinite adjustment cost, dirty energy
use will not change at all. Dirty energy use will be perfectly persistent,
while clean energy use will adjust in line with output. This relationship
between the relative response of dirty energy use to that of clean energy

use and output, and the level of ¢ is also monotonic.
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Combining these two arguments, for a given relative response of
energy use to an output shock, there is a locus of combinations of o
and ¢; that are consistent with it. The parameters are then separately
identified from the persistence of the changes of the use of either energy:
Conditional on the persistence of the demand shock, dirty energy use is
more persistent; the plant will smooth the adjustment. In contrast, clean
energy use exhibits lower persistence in its changes: it will be adjusted
optimally, given the current level of dirty energy. Figure 1.7 illustrates

this identification argument.

Demand process The demand shock parameters p, and oy are iden-
tified from the auto-correlation and variance in plant-level revenue, con-

ditional on the production function parameters.

Distribution of clean share parameters Assuming the plant is in
a steady state, the optimal energy mix satisfies
E4 D 1-b

log—— =0 logp—;+log

= — - (1.17)

Conditional on the relative price and o, the distribution of the clean
share parameter b is identified from the distribution of the log of the

energy mix in the data.

1.5.2 Cross-section

Table 1.6 lists the parameters that govern the entry and cross-sectional

part of the model.

Parameter Description Identified by

Ga Distr. of productivity Observed marginal distr. of revenue

Gy Distr. of energy share param. Observed marginal distr. of energy mix
f§ Entry cost scale Normalized

fr Entry cost semi-elasticity w.r.t. b Cross-sect. corr. between size and mix

Table 1.6: Across-plant model parameters and identification.
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(c) o is identified by exogenous varia- (d) With adjustment cost in E?, the
tion in the relative input prices p?/p¢  plant leaves the optimal input ray in
and the resulting changes in the opti- response to a demand shock to a point
mal input mix. on the segment AB.

Figure 1.7: Illustration of the identification of the elasticity of substitution o
in the case with and without adjustment costs. Panel (a) shows CES production
isoquants at different levels of o. The curvature of the isoquants identifies o.
Panel (b) shows how the optimal input mix is determined by the tangency
between isoquants and isocost lines. The set of those points lies on a ray from
the origin, the slope of which depends on the relative input prices and o. In
the absence of adjustment costs, o is identified from exogenous variation in
relative input prices and the resulting changes in the optimal input mix, as
shown in panel (c). Panel (d) illustrates the case with adjustment cost in F<:
In the case of infinite adjustment costs, the plant moves to point A on the new
isoquant. In the case of zero adjustment costs, the plant moves to point B. For
intermediate adjustment costs, the plant moves to a point between A and B.
This allows tracing out the curvature of the isoquant, and thereby identifying
o, from changes in output.
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Productivity distribution I specify G 4 as Pareto with shape param-
eter v and scale parameter A, = 1. From section 1.4.5 we have that a
plant enters if its productivity exceeds the entry threshold A(b), given
its draw for b. The distribution of entering plants’ productivity is then a
truncated Pareto, with shape parameter v and scale parameter A(b).
The average revenue of a plant depends on its productivity A, as well
as its clean share b, through the marginal cost. A result from the theory
of regular variation is that since the between-plant differences in marginal
cost from b are bounded, the tail index of the revenue distribution is the
same as that of the productivity distribution. Therefore, I can estimate ~
directly from the revenue distribution, without the need to control for b.
I estimate the shape parameter v to match the top k sales shares
of plants in the data: I residualize revenue by industry and year fixed
effects, then, for k € {3,4,5,10,15,20,50} I calculate the share of the
residualized revenue accounted for by the top k£ plants in year. The shares
are stable over time, and I take the average over years as the target

moments.

Clean share distribution I specify the distribution G as Beta with
shape parameters oy, 8,. Conditional on A(b) and ~, the ex-ante dis-
tribution Gy is identified from the ex-post distribution of clean shares,
as in equation (1.16). I fit a Beta distribution to the observed ex-post
density of the distribution of clean shares in the data, g,(b|A > A(D)).

The ex-ante distribution is then given by rearranging equation (1.16):
() o< gy(b]A > A(D)) A(b)". (1.18)

If Gy(b|A > A(b)) is Beta, and given the scaling term A(b)~7, the
density gy is not exactly Beta in general. The Beta distribution is a good
approximation of the observed ex-post distribution, and assuming a Beta
for the ex-ante distribution leads to a simulated sample that can be

well-approximated by a Beta as well.
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Entry cost The size of the pool of potential entrants is not identified,
and neither is the scale of the entry cost fg§. I normalize the size of the
pool of potential entrants, and make the assumption that the scale of the
entry cost is such that fl(b) > 1= Apipn for all b € (0,1). This ensures
that the selection mechanism is active for all clean share types.

The semi-elasticity of the entry cost with respect to the clean share,
f1, is identified from the relationship between plants’ clean share and
their size in the data. The target moment is the regression coefficient in

equation (1.2), the cross-sectional energy mix-size correlation.

1.5.3 Target moments

Table 1.7 lists the empirical target moments, their standard errors, and
the corresponding simulated moments. The loss function is the weighted
sum of squared deviations between simulated and empirical moments,

with weights given by the inverse of the squared standard errors.

Description Informs Data (95% CI) Model

Ratio of fact. dem. elast. E¢/E°¢, At =1 o, P1 0.26 (0.08, 0.44) 0.42

Ratio of fact. dem. elast. E4/E¢, At=2  o,¢; 0.37 (0.19, 0.55) 0.48

Autoregressive coef. Alog E¢ o, 1 0.18 (0.14, 0.22) 0.28

Autoregressive coef. Alog E¢ 0,1 0.11 (0.05, 0.17) 0.00

Autoregressive coef. Alogp,Y Py 0.16 (0.11, 0.21) 0.04

Std. dev. revenue oy 0.08 0.10

Cross-sect. corr. energy mix and size fy -0.10 (-0.11, -0.09) -0.10

Rev. share of top {3,4,5,10,15,20} plants G {0.028, 0.033, 0.038,  {0.030, 0.036, 0.040,
0.057, 0.070, 0.080}  0.057, 0.069, 0.078}

Distribution of log E¢/E*¢ Gy N(0.06,1.152) N(0.06,1.152)

Table 1.7: Estimation targets with confidence intervals, and simulated moments.

Moment calculation

Ratio of factor demand elasticities The regression equations corre-
spond to their empirical counterpart, equation (1.3), without the fixed

effects:

Ay log E4 = BiAL1og Yy + €,
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Ay log Ef, = B A log Y + €.

I estimate these with 2SLS like the empirical counterpart, using the true
simulated demand shock as instruments for the change in output. I then
take the ratio 8{/B¢ as the target moment, for k € {1, 2}.

Persistence in changes I estimate the persistence in the changes of

energy use and output from the following autoregressive equations:

Alog ES = ppaAlog Egt_l +€d,
Alog Ej; = ppeAlog Ef ;1 + €51,
AloglpyYie] = py Alog[py,itYie—1] + €.

These estimation equations suffer from Nickell bias, so I instrument for
the lagged difference using the level of the second lag (Anderson-Hsiao
IV):

d z d ~d
Alog Efy 1 = Balog Ef'y_o + €,
and similar for clean energy and output.

Standard deviation of revenue I calculate the standard deviation
of within-plant revenue as the mean squared residual of the regression of

the persistence in revenue, €.

Cross-sectional energy mix-size correlation I estimate the cross-
sectional energy mix-size correlation from the following regression equa-

tion:

d
lOg " g /Bsize IOg [py,itY;t] + €it.
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1.5.4 Implementation
Within-plant model

First, I solve the plant’s dynamic programming problem by value function
iteration over a three-dimensional grid of E?, Dy, and b.'1 The results
are the value function, policy functions for E¢, and optimal choices for
E°, given the policy for E¢. I simulate a panel of plants, and calculate the

relevant moments from the simulated data, using the following algorithm:

1. Set the number of firms N = 30,000 and time periods 7" = 120 (the

first 100 are burn-in), to match the empirical panel dimensions.

2. Draw N clean share types {b;} from the grid, such that the distri-

bution matches the observed empirical distribution.!?

3. Generate N discretized demand shock processes {py i} of length
T each.

4. Initialize {E2Z_,} as the steady state level given b; and py i—o = 1
(The steady state is the fixed point in the policy function for E%).

5. Solve the model forward for each plant ¢ and time t =1,...,7":

(a) Given Efft_l, Py,it, and b;, interpolate the policy functions to
get optimal E% and E,.
(b) Calculate output Yj.

(c) Go to the next period.

6. Discard the first 100 periods as burn-in.

M7 discretize the process for p, using the Rouwenhorst method.

121 match the empirical distribution of log E¢ /E° as follows. Suppose there is no
adjustment cost, ¢1 = 0. Then, from the optimal input mix equation, log E'd/EC =
ollog pe/pa+log(1—b)/b]. In the data, log E&/ES, ~ N(0,1.1%). Assuming the relative
price is constant, this implies that b follows a logit-normal distribution, with variance
depending on the elasticity of substitution o. I draw sampling weights for each grid
value of b, such that the weighted distribution of b in the sample matches the implied
logit-normal distribution.
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7. Calculate target moments from the simulated data, as described in

section 1.5.3.

To estimate the parameters, I first run a coarse grid search over the
parameter space. Then, with the best two results from the grid search as
initial values, I run a simulated annealing algorithm, subject to parameter
bounds. The algorithm converges to a point well within the parameter

bounds.

Cross-sectional model

For the cross-section, I need a sample of types (b, A) from the conditional
distribution of entering plants. Given the sample, I then simulate the
dynamic decisions of the plant, as in the within-plant estimation.

First, I generate a sample of the conditional distribution (b, A)|A >
A(Db) using a two-stage accept-reject algorithm. Note that A(b) depends on
the entry cost parameters. I normalize the scale f§ such that inf, A(b) =
1.1 > Apnin = 1, to ensure that there is selection at all values of b.
Then, I estimate ff to match the energy mix-size correlation in the
data. Conditional on a candidate value for f{, and the estimation of the

within-plant parameters, I generate a sample as follows:

1. Approximate the observed conditional distribution of b as a logit-
normal distribution, as in the within-plant estimation, with mean
log p?/p° and standard deviation 1.1/, where o is the estimated

elasticity of substitution. This is the proposal distribution for b.

2. Draw a value from the proposal distribution for b. Accept the draw
with a probability proportional to A(b)Y. This gives a sample from

the unconditional distribution of b.

3. Pair the value of b with a draw for A from the unconditional Pareto
distribution. Accept the pair if A > A(b). The result is a sample
from the conditional distribution (b, A)|A > A(b).

4. Repeat until the sample size is N = 30, 000.
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Then, given the sample of types, I simulate the dynamic decisions of each
plant as in the within-plant estimation in section 1.5.4. To incorporate
the productivity draws, I multiply the value and policy functions by A;
for each plant ¢: I adjust the state variable Eiut = AiEiut, the policy
function Ef = A;E%, the optimal choice of Ef, = A;Ef,, and the value
function Vj; = AZ-YN/it, where the tilde variables are from the solution for
A = 1. Output is then Vi, = A" F(ES, E4; b;)>.

I calculate the target moment, the energy mix-size correlation, from
the simulated data as in section 1.5.3. Conditional on the estimation
of the within-plant parameters, and on the directly estimated Pareto
shape parameter, I estimate f{ using a univariate bounded minimization
algorithm, to minimize the distance between the simulated and empirical
moments.

Finally, to estimate the unconditional distribution of b, I parameterize
a Beta distribution as follows. For each draw of b in the simulated sample,
I calculate the weight w(b) = A(b)7. Then, I calculate the weighted mean
and variance of b in the sample, and solve for the Beta shape parameters

ap, By using the method of moments formulas.

1.5.5 Results

Table 1.8 presents the estimated parameter values. The externally esti-
mated parameters are o = 0.65 (which would correspond to a demand
elasticity of 2.9 in a monopolistic competition model with constant re-
turns to scale production), § = 0.96 for annual data, and energy prices
pe = 0.5 and pg = 0.18. The level of the prices is subject to normalization,
and the relative price p./pq = 2.8 corresponds to the average aggregate
relative price over the sample period.

The estimated value for the adjustment cost parameter is such that
in the simulated panel, the adjustment cost represent on average 0.1% of
total costs. This small share is sufficient though to generate significant
differences the response of dirty energy use, compared to clean in response

to output shocks. The elasticity of substitution between clean and dirty
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energy is estimated as 5.1, which is on the higher end of estimates
in the literature. I show in section 1.4.7 that the common estimation
approach underestimates the deep elasticity of substitution when there

are adjustment costs. This can explain my relatively high estimate.

Parameter Description Estimated value

o Elast. of subst. between E?, E° 5.10

h1 Adj. cost parameter 0.02

Py Demand shock persistence 0.01

Op, Demand shock volatility 0.13

Ga Distr. of productivity Pareto(y = 1.38, Apin = 1)

Gy Distr. of energy share param. Beta(ap = 90, 5, = 32)
o Entry cost scale 17.55
T Entry cost semi-elasticity w.r.t. b 0.38

« Returns to scale parameter 0.65

B8 Discount factor 0.96

Des Dd Energy prices 0.5, 0.18

Table 1.8: Parameters and estimated values.

The estimated value for the Pareto tail parameter is in line with
estimates from the literature (it implies somewhat thinner tails than
Zipf’s law, as estimated in Axtell, 2001; Gabaix, 2016). The distribution
of clean share parameters has a mean of 0.74, and a standard deviation
of 0.04. The entry cost semi elasticity parameter is such that a 1 p.p.

increase in b leads to a 0.38% increase in the entry cost.

Untargeted moments I match an untargeted moment: the within-
plant over-time correlation between energy mix and revenue. The empiri-
cal correlation is -0.16, the simulated correlation is -0.26. The remaining
discrepancy might be related to attenuation bias in the empirical estimate
due to measurement error in revenue. This moment is closely related to
the elasticity of substitution and adjustment cost parameters, providing

some additional validation for their estimation.
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1.6 Policy Experiments

I conduct two policy experiments in the parameterized model. First, a
subsidy for the entry cost of clean plants. Second, a tax on dirty energy

purchases, similar to a carbon tax.

1.6.1 Simplified aggregation

I will conduct steady-state comparisons for the policy experiments. Thus,
I will abstract from the dynamics of the model, in particular the demand
shocks, and focus on the steady-state aggregates.

Let E%(b, A) be the steady-state value of dirty energy consumption
for a plant with type (b, A), defined as the fixed point of the policy
function at the unconditional mean of the demand shock, p, = 1. Let
E“*(b, A) be the corresponding optimal steady-state clean energy con-
sumption. The aggregates of clean and dirty energy consumption, and

output are then given by
1 e’}
Eoge = //7 E“(b, A)gy(b)ga(A)dAdb,
0 JA®)
1 roo
Blg= [ [7 B0 Ag0)ga(A)iAd,
A(b)
1 e’}
Yage = / / AT E(E® (b, A), E™(b, A))*gp(b)ga(A)d Adb.
0 JA(b)

Given the scaling property of the value and policy functions, and the

Pareto distribution of A, these simplify to (see appendix section 1.A.2):

Blg = —— / B (b, 1) A(b)!~7dGy () (1.19)
Ely = — 1/ E™(b,1)A(b)' 7dG,(b) (1.20)
Vage = ﬁ E(EC*(b 1), B*(b,1))" AB)'dGy(b).  (1.21)
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Recall the definition of the cutoff productivity A(b) from equation (1.15):

i S0
A(b) B V:sntry(ba 1) .

Define the mass of entering plants as
1 roo 1 _
m = / / 5 (b)ga(A)dAdb = / A(b) Gy (b). (1.22)
0 JA(b) 0

1.6.2 Entry subsidy for clean plants

Suppose a policymaker observes the (b, A) draws of the potential entrants.
They offer a multiplicative subsidy s(b) = exp(—s1b) for the entry of

clean plants. The entry costs are then

FER(0) = f9(b)s(b) = f§ exp[b(ff — s1)], (1.23)

where s represents the semi-elasticity of the subsidy with respect to the
clean share. For values of s; up to fy, the policymaker subsidizes part of
the additional entry cost for a higher clean share. For values of s; larger
than f7, the entry cost to be paid by the plant decreases in the clean
share.

Under the subsidy, the entry cutoff in productivity becomes

) f6
1

e,sub
f b = explb(ff — s1)] (1.24)

Asub b) = (
( ) ‘/entry(b7 ) ‘/entry(ba 1)

The subsidy influences aggregates only through changes in the entry
cutoff.

The total cost of the subsidy to the policymaker is

1 roo
sub __ e .
= /0 /Asub(b) FEOB)[L — s(b)]ga(A)gy(b)dAdb .
1 — .
- /0 FED)[1 - S(b)]ASub(b)—WdGb(b).

Figure 1.8 shows the results of the entry subsidy policy experiment.
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I consider values s; € (0,1.2 x ff): between no subsidy and a subsidy
that fully reverses the clean share dependence of the entry cost, such
that plants with a higher clean share have a lower entry cost.

The policy is expansionary: it increases the mass of entering plants,
output, and both clean and dirty energy use. It increases the aggregate
share of clean energy, but only minutely so. The policy acts only at
the entry margin by construction. Given the Pareto distribution of
productivity, aggregates are primarily driven by the most productive
plants, which are not affected by the policy.

The policy is expensive: I plot the total cost of the subsidy as fraction
of aggregate output.

1.6.3 Tax on dirty energy use

I consider a proportional tax 74 on the price of dirty energy. The final

price is then

P = pa(l + 74). (1.26)

The tax is permanent and must be paid by all plants. I consider values
74 € (0,1), so up to a doubling of the dirty energy price.

I solve for plants’ problem under the new price including the tax,
and then calculate aggregates for two cases: (i) holding the distribution
of plants over (b, A) fixed at the baseline equilibrium, and (ii) allowing
the distribution to adjust to the equilibrium under the new prices. Case
(i) can be interpreted as the short-run effects of the tax, while case (ii)
represents the long-run effects with compositional changes.

The results of the tax policy experiment allowing for compositional
changes are shown in figure 1.9. As opposed to the entry subsidy, the tax
on dirty energy use is contractionary, since it strictly increases marginal
cost. The policy is very effective though at reducing the aggregate use of
dirty energy.

The results for the case with the fixed distribution are shown in ap-

pendix section 1.C.1. They are similar quantitatively, the main difference
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being a smaller reduction in dirty energy use, and a smaller decrease in

aggregate output, since the mass of firms remains constant.

Comparison to low-o calibration

To demonstrate the impact of the value of the elasticity of substitution
between clean and dirty energy, I repeat the policy experiment in a model
with a different calibration. I decrease the value of the elasticity o from
5.1 to 1.5 and the value of the adjustment cost parameter ¢; to 0, keeping
all other parameters fixed. The value 1.5 corresponds to the upper end
of estimates of the micro-level elasticity in the literature (Jo, 2024). I
solve the value and policy functions for the new parameterization, and
compute the new steady-state aggregates under the tax on dirty energy
use allowing for compositional changes as above. Figure 1.10 shows the
results.

To illustrate, the German emission target for the manufacturing
sector until 2030 corresponds to a reduction of dirty energy use by 40%
relative to 2018 levels.!® This same reduction can be implemented with a
tax rate of 11% in the baseline calibration, and a tax rate of 23% in the
low-elasticity calibration. The corresponding output reductions are 7%
and 14%, respectively. This illustrates the importance of the elasticity
of substitution between clean and dirty energy for the effectiveness and

cost of policies aimed at reducing dirty energy use.

1.7 Conclusion

In this paper, I analyze the use of clean and dirty energy in production
in the German manufacturing census. I document empirically, that (i)
there is substantial heterogeneity in the energy mix across plants, (ii) this
heterogeneity is difficult to explain with observables, (iii) some variation

can be explained by size, larger plants use a higher share of clean energy,

13See https://www.bmwi.de/Redaktion/DE/Artikel /Energie/
klimaschutz-in-der-industrie.html (accessed 15 November 2025). I use 2018 as
the last pre-COVID year for the comparison.
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and (iv) the factor demands for clean and dirty energy respond differently
to demand shocks, dirty energy use adjusts much less than clean to the
same shock to output.

Based on these findings, I develop a dynamic model of heterogeneous
plants with entry. Plants differ in productivity and in their technology
to combine clean and dirty energy to produce output. A key ingredient
of the model to match the data is an adjustment cost for dirty energy
use. The model replicates both the within-plant dynamics, and the cross-
sectional distribution of plants. I show that estimates of the elasticity of
substitution between clean and dirty energy are downward biased if they
ignore the presence of adjustment costs. My estimation of the model
implies an elasticity of substitution of around 5, which is three times
larger than estimates in the literature.

In the calibrated model, I study two policies: an entry subsidy for
clean plants, and a tax on dirty energy use. The entry subsidy has only
marginal effects: Aggregate use of clean and dirty energy is dominated
by large plants, which are unaffected by the policy. A tax on dirty energy
use is effective at reducing dirty energy use. I show that the effectiveness
of the tax depends strongly on the elasticity of substitution between
clean and dirty energy. Given the higher elasticity in my calibration, the
tax has much lower contractionary effects on output for a given reduction
in dirty energy use, compared to a model with an elasticity closer to
estimates in the literature. My results suggest that the plants can turn

green at a lower cost than previously thought.
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Figure 1.8: Results of entry subsidy policy experiment. Panel (a) shows the
response of clean and dirty energy use. The entry subsidy is expansionary,
the use of both types of energy increases. There is a slight composition effect
through the policy, dirty energy use increases relatively less. Panel (b) shows
the negligible effect on the aggregate energy mix of the policy. Panel (c) shows
total output and the mass of entering plants. The mass increases more than
output, the subsidy allows plants with marginal productivity to enter. Panel
(d) shows total subsidy spending as a fraction of output.
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Figure 1.9: Results of tax on dirty energy use policy experiment, allowing for
compositional changes. Panel (a) shows the response of clean and dirty energy
use. Dirty energy use decreases strongly in the tax rate. Clean energy increases,
partially offsetting the reduction in dirty energy use. Panel (b) shows the strong
effect on the aggregate energy mix. Panel (c) shows total output and the mass
of entering plants. Both decrease, the policy is contractionary. Panel (d) shows
tax revenue as a fraction of output.
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Figure 1.10: Comparison of the effects of a dirty energy tax between the
baseline calibration (solid lines) and the low-elasticity calibration (dashed lines).
The baseline calibration uses the parameter values found in the structural
estimation (section 1.5). The low-elasticity calibration sets the elasticity of
substitution between clean and dirty energy to o = 1.5 (Jo, 2024), and the
adjustment cost parameter to ¢; = 0. This illustrates the impact of the value
of the elasticity of substitution on policy effectiveness. In the calibrated model,
the energy mix is much more responsive, since dirty energy use can easily be
reduced, and substituted for with clean energy. The reflects in the smaller
output losses associated with achieving the same reduction in dirty energy use.
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Appendices

Appendix 1.A Derivations
1.A.1 Bellman equation scaling property

Static case Start with the static case, without adjustment cost and

demand shocks. The problem is

V(A,b) = E%pyY(Ec, E A b) — p.EC — pgEY,

Y (E¢,E% A b) = AV *E(E°, E4; b)*,
B(ES, B%b) = [b(E9) = + (1 b0)(B) 7 |7
The claim in this case is

V(A,b) = AV(1,b).

Dual unit cost pg(b). Because E is homogeneous of degree 1 in

(E¢, E?), the minimum cost of producing F units is pg(b) - E where

pe() = min  p.E°+ pgE? st. E(ES,E%b) =1.
Ec,Fd>(Q

The Lagrangian first-order conditions are, using 0E/9E® = b(E/E€)'/?
and OE/OE® = (1 — b)(E/E%)/,

pe = pub(E°) 77,
pa = p(l = b)(EH) e,

where the second equality uses E = 1 on the constraint. Dividing elimi-

nates p and gives the optimal input ratio,

EC_<b pd)"
Ed \1-b p.)

o7



Inverting each FOC gives conditional factor demands as functions of p,

() ()

Substituting into the constraint £ = 1 and simplifying,

b\ ! 1-b)\7"!

t=n (M) e (MEEEY e a0
Pc Pd

80 1 = [b7pl=7 + (1 —b)7p; ] /(1=9). Total expenditure at the optimum

is pe5° + pa B = po [b°p=" + (1 — b)7py ] = p, giving

1

pi(b) = 67977 + (L= bR

Static profit and A-scaling. Optimizing over the scalar F using
the dual cost,

* _ l-apo
(b, A) = rgg%(pyA E® —pE(b)E.

The FOC p,aAl=*E*"! = pg(b) yields

1
et

Dyx

Fb.A)=4 pe(b)

)

which scales linearly in A. Substituting back and collecting terms,

V(A,b) = 7*(b, A) = A(1 — a)pl® [O‘ A v

pe(b)

Output and both factor demands scale linearly in A, completing the

static case.
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Dynamic case The Bellman equation is

V(EY), py;b, A) = gcl’%pyAl—aF(Ec’ B 1)
— peE° — pyB* — ¢(EL |, EY)

+ ﬁEp“pyV(Edapy; b7 A)7

2
gb(EilvEd) = 221[ (Ed - Eil) )
-1

logp; = plogp, + apye’, ¢ ~N(0,1).
The claim is
V(EL), pyib, A) = AV (A7 EL) pyib,1).

Consider first the felicity function:

_ (Z)l 2
py A OF(EC, E%b) — p.E¢ — pgE — 2 (Ed - Eﬁl) .

If we can factor out A after adjusting the state variable E%; by A~!, we
show that the felicity function scales linearly in A. So, what must p be
such that

_ ¢1 2
py A F(E®, E%b) — p.E° — pgE¢ — 2B (Ed - Eil)

o1 “1\?
= A |pyF(RE®, pE%b) = pep B — papB? — P (pB? — B4 A7) |2
2B A

The production function is homogeneous of degree a:
F(uES, puE%b) = n®F(E®, E%;b).

pu = A~! satisfies the equation. This scales the within-period factor
demands for E¢, and critically for E¢, which becomes the state variable
in the next period. The scaling is consistent with the proposed adjustment

of the state variable. This concludes the proof.
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1.A.2 Aggregation

I present the aggregation for clean energy use. The steps are analogous

for dirty energy use and output.

Eoge // E“(b, A)gp(b)ga(A)dAdb

:/ / AE“(b,1)gy(b)ga(A)dAdb

—/Ec*blgb (/ AgAA)dA>db

Aga(A)dA = LA(b)l—v

A(b) v—1
1
X c Y - —
Eagg = —1 0 E (b7 1)A(b)1 'YdGb(b)
. pe T e Fem)s) N7
Eagg = ﬁ 0 E (b> 1) m dGb(b)
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Appendix 1.B Additional Empirical Results

1.B.1 Variation

Sample Fixed Effects N adj. R? BIC
Full Industry (2) 600,417 0.14 1816950
Full Industry (2) by Year 600,417 0.15 1818253
Full Industry (4) 600,417 0.27 1721316
Full Industry (4) by Year 600,417 0.28 1768868
Single Product Product 281,380 0.35 810365
Single Product Product by Year 281,380 0.37 909941
Full Geo District (5) 600,404 0.03 1893801
Full Geo District (5) + Industry (4) 600,404 0.28 1714386
Full Geo District (5) by Year 600,404 0.04 1963530
Full Plant 600,417 0.87 1537935

Appendix Table 1.B.1: Adjusted R2, number of observations, and BIC for
regressions of energy mix log E%/E¢, on different sets of fixed effects. For the
models with district effects and product effects, I restrict the sample to districts
with at least 5 plants, and products produced by at least 5 plants The BIC is only
comparable within a given sample due to the different numbers of observations.
It penalizes models with more parameters, i.e., more fixed effects. In the full
sample, the plant fixed effect model has the lowest BIC, suggesting that its high
explanatory power is not due to overfitting.

1.B.2 Factor demand elasticity
1.B.2.1 First stage

The first stage results for the baseline specification are shown in ta-

ble 1.B.2. The coeflicient estimates are strong, and statistically significant.

1.B.2.2 Labor and materials inputs

For illustration, I also estimate the factor demand elasticities for labor
and materials inputs. Labor is defined as the number of employees at the
plant. Materials are given by the deflated expenditure on intermediate

inputs. The results are shown in table 1.B.3.
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Dependent Variables: AilogY AslogY

(1) (2)
shock? 0.2239
(0.0185)
shock? 0.2026
(0.0168)
Fized-effects
Year by 2-digit Industry Yes Yes
Year by District Yes Yes
Fit statistics
Observations 275,455 249,927
Wald (1st stage) 146.15 144.65
R? 0.10 0.11
within- R? 0.0036  0.0036

Appendix Table 1.B.2: Regression results for the first stage of the 2SLS
estimation of equation (1.3), estimated on the dirty energy (E%) sample. Results
are virtually identical for the clean energy (E€) sample, except for the number
of observations. Standard errors are clustered at the year and 4-digit industry
level.
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Dependent Variables: AjlogL AslogL AjlogM Aglog M
(1) (2) (3) (4)

AilogY 0.3170 1.065
(0.0232) (0.0986)

AslogY 0.4028 1.031

(0.0249) (0.0987)
Fized-effects
Year by 2-digit Industry Yes Yes Yes Yes
Year by District Yes Yes Yes Yes
Fit statistics
Observations 459,057 373,174 146,665 106,387
Wald (1st stage) 246.80  293.70 145.75 113.87

Appendix Table 1.B.3: 25LS results for the factor demand elasticity of the
number of employees, L, and deflated expenditure on intermediate inputs, M
(regression equation (1.3)). Standard errors are clustered at the 4-digit industry
level by year level. The responsiveness of the number of employees is between
that of clean and dirty energy. Employees in Germany enjoy strong protections,
so the firms may face adjustment costs in their labor input. Materials and
intermediate inputs respond one-for-one with output.
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Dependent Variables: Arlog E* AjlogE¢ Ajlog B Aglog E°
(1) (2) (3) (4)
AjlogY x 1[shock! < 0]  0.2694 0.6723
(0.0803)  (0.0380)
AjlogY x 1[shock! > 0]  0.0703 0.5732
(0.0813)  (0.0482)

AslogY x 1[shock? < 0] 0.1889 0.5920
(0.0759)  (0.0475)
AslogY x 1[shock? > 0] 0.2776 0.6816

(0.0927)  (0.0522)

Fized-effects

Year by 2-digit Industry Yes Yes Yes Yes
Year by District Yes Yes Yes Yes
Fit statistics

Observations 275,455 304,305 249,927 276,385
Wald (neg. shock) 31.52 34.22 33.26 33.84
Wald (pos. shock) 50.61 52.58 40.06 47.77

Appendix Table 1.B.4: 2SLS regression results for the factor demand elasticity,
interacted with the sign of the shift-share shock. The output growth term is
interacted with an indicator for whether the leave-one-out industry output
shock is negative (shock” < 0) or positive (shock” > 0), where k denotes the
horizon in years. Both interaction terms are instrumented with the corresponding
interactions of the leave-one-out industry output. Standard errors are clustered
at the plant and 4-digit industry by year level. Fixed effects for year by 2-digit
industry and year by district are included.

1.B.2.3 Asymmetric response by shock sign

Table 1.B.4 shows the factor demand elasticities estimated separately for
positive and negative output shocks, by interacting the instrument and
the endogenous regressor with an indicator for the sign of the shock. The
response of clean energy is generally symmetric. There is an asymmetry
in the response of dirty energy at the 1-year horizon, which reverses at
the 2-year horizon. The estimates are noisier than the main specification,

but are broadly consistent.
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Dependent Variables: Arlog B4 Ajlog B¢ Aglog B4 Aglog E©

(1) (2) (3) (4)
AjlogY 0.1788 0.6280
(0.0629)  (0.0318)
(AplogY)? —0.6914  —0.3596
(0.3566)  (0.2146)
AslogY 0.2391 0.6323
(0.0580)  (0.0352)
(AzlogY)? —0.0547  0.1462

(0.1790)  (0.1177)

Fized-effects

Year by 2-digit Industry Yes Yes Yes Yes
Year by District Yes Yes Yes Yes
Fit statistics

Observations 275,455 304,305 249,927 276,385
Wald (AlogY) 74.71 78.08 75.10 82.34
Wald ((AlogY)?) 26.60 25.31 46.28 48.14

Appendix Table 1.B.5: 2SLS regression results for the factor demand elastic-
ity with a squared output growth term. The squared term tests whether the
elasticity varies with the magnitude of the output shock. There are two endoge-
nous regressors (AlogY and (AlogY)?), instrumented with the leave-one-out

industry output shock and its square (shock® and (shock®)2, where & denotes
the horizon in years). Standard errors are clustered at the plant and 4-digit
industry by year level. Fixed effects for year by 2-digit industry and year by
district are included.

1.B.2.4 Nonlinearity in output growth

To test for non-linear effects, I estimate a regression with the square
of the change in output, and the square of the shock as its instrument.
Table 1.B.5 presents the results. The quadratic terms are not statistically

significant, and the linear terms are in line with their baseline estimates.
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Appendix 1.C Additional Policy Experiments

1.C.1 Tax on dirty energy use

Figure 1.C.1 shows the results of the tax on dirty energy use policy

experiment keeping the distribution fixed.

1.0
s

IS

S 0.8
206
]

0.4
S

= 0.2
= 0.0

0.00 025 050 075  1.00
Td
d
— By Bage

(a) Use of clean and dirty energy.

< 1.00
I )

=
~0.95 .

1. to

3 0.90

~
~.
..
L
~..

0.85

Value r

0.00 0.25 0.50

— m = Yagg

(c) Output and mass of entrants.

S0
I
~
S
ol
>
e
3 -2
)
2,
< "
=
0.00 0.25 0.50 0.75 1.00
Td
d
- IOg(Eagg/Eggg)
(b) Energy mix.

0.020

0.015
Q
=
< 0.010
=

0.005

0.000

0.00 0.25 0.50 0.75 1.00
Td

—_ d
Eagg X pd X Td/yagg

(d) Tax revenue as fraction of output.

Appendix Figure 1.C.1: Results of tax on dirty energy use policy experiment,
keeping the distribution fixed at baseline.
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1.C.2 Subsidy on clean energy use

Consider a subsidy on clean energy use, such that the final price of clean

energy is
piUb =pc(1 4 7). (1.C.1)

The subsidy is permanent and will be received by all plants. I consider
values 7, € [—0.5,0], up to a 50% subsidy on the price of clean energy.
As in section 1.6.3, I solve the model under the new price and compute
aggregates given the new equilibrium distribution of plants. Figure 1.C.2

shows the results of the subsidy on clean energy use policy experiment.
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Chapter 2

Long-run elasticities from

short-run variation

I want to thank my advisors Per Krusell and Joshua Weiss for guidance and
feedback. Anton Arbman Hansing, and participants of the ITES Macro Group and
Informal Macro Discussion buddies provided helpful comments.
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2.1 Introduction

Elasticity estimates are central to applied and quantitative economics.
They describe the response of an economy or agents to shocks, and are
thus directly informative for counterfactual analysis and optimal policy.
A common finding in the empirical literature is that for a persistent price
change, an elasticity estimate increases with the time horizon before
eventually levelling off. There is a distinction between a “short-” and
a “long-run” elasticity, and the difference between them is typically
attributed to adjustment frictions. Both time-horizons matter in welfare
analysis: the short-run elasticity governs the speed of the transition, while
the long-run value describes the target of the transition.

In general, the estimation of elasticities is difficult due to endogeneity
problems; we can not simply regress prices on quantities. There are two
main estimation approaches: Structural estimation with context-specific
models, or reduced-form instrumental variable approaches. The latter
generally relies on exogenous variation in the price. This implies that the
short-run elasticity can be estimated in a larger number of settings: The
difficulty of finding plausibly exogenous variation in prices increases with
the time horizon and persistence of the shock. Fewer natural experiments
with exogenous and persistent price changes exist, than there are relevant
long-run elasticities.

In this paper, I propose an alternative estimation strategy using
transitory time-series variation instead. I develop a dynamic model of
the choice of the ratio of inputs in response to shocks to the relative
price, subject to an adjustment cost. When specifying the model as
a second-order approximation of a constant elasticity of substitution
production function, and a quadratic adjustment cost, the short-run
elasticity is the product of an attenuation factor due to the adjustment
cost, and the long-run response. Crucially, this factor has a closed-form
expression in three parameters: the persistence of the input ratio, the
persistence of the relative price (both can be estimated from the data),

and the discount factor (which can be calibrated to standard values).
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There are no additional data requirements to implement this approach;
it only requires running two regressions in addition to the short-run
elasticity estimation, and choosing a value for the discount factor. Then
the long-run elasticity is given as the short-run estimate divided by the
attenuation factor.

I focus on a constant elasticity of substitution setting. For simplicity of
exposition, I develop the model under the assumption of the relative price
being the only stochastic variable. This assumption is most applicable in
this choice of ratios, since we can abstract from productivity or demand
shocks. In principle, when those shocks can be controlled for, the model
generalizes to other isoelastic relationships (supply, demand, trade, ...).
The generic use-case for the method is a panel of units in a stationary
price regime. A policy counterfactual may ask how the economy would
react to a permanent change in the level of the price, for example through
a tax. The method then uses the response to transitory price shocks
under the assumption of a specific adjustment structure to infer the
elasticity, and thus how the economy would respond to permanent price
changes in the long-run.

With generic adjustment frictions it is impossible to separate the
elasticity from the adjustment friction: Is the short-run response small
because the long-run elasticity is low, or because the adjustment friction
is large? I show that under the approximated model in this paper, the
persistence in the choice variable is a sufficient statistic for the frictions,
which allows the separation.

The canonical approach to disentangle the elasticity and friction is
to use cross-sectional variation: the between-estimator in panels. The
implicit assumption is that all panel units face the same isoelastic rela-
tionship, and they are close to their “steady-state” values on average.
The between-estimator then aims to identify that long-run relationship.
In this paper, I show that for the between-estimator to be consistent, all
variation in the price level between units must be exogenous. If variation
in prices is endogenous (for example through market power), the between-

estimator is inconsistent. The inconsistency can be severe, depending on
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the ratio of the exogenous to endogenous variation. For an IV strategy
to alleviate the problem, we require exogenous cross-sectional variation
in the instrument.

The correction approach developed in this paper is complementary
to the between-estimator in panels. They rely on different sets of as-
sumptions: The between estimator imposes less structure on the agent
problem, but requires exogenous variation in the level of the price. The
correction approach relies only on exogeneity in the changes of the price,
but imposes more structure on the behavior of the agents.

I apply the estimation approach to the setting of Peter and Ruane
(2025), who study intermediate input substitution in Indian manufactur-
ing firms. Using the unexpected Indian trade liberalization in the 1990s
as a natural experiment, the authors estimate the long-run elasticity
over a T7-year horizon. They estimate the short-run elasticity with a
complementary shift-share price IV. Using the same data, I estimate
the relevant persistence parameters, and use the discount factor from
their paper. The estimated correction factor implies that the long-run

elasticity of substitution is 2 times larger than the short-run estimate.

Structure The paper proceeds as follows. Section 2.2 presents the
model, and derives the correction factor. How to estimate and implement
the correction is described in Section 2.3. In Section 2.4, I present the
problem of the between-estimator under endogenous prices. I apply my
correction method in the Setting of Peter and Ruane (2025) in Section
2.5. Section 2.6 presents limitations of the approach, before Section 2.7

concludes.

Literature Economists have long recognized and observed that indi-
vidual agents and whole economies do not immediately respond to a
persistent shock, but that there is an adjustment over time. Samuelson
(1947) introduces, and Milgrom and Roberts (1996) generalize the so-
called LeChatelier principle. The principle formalizes that the short-run

response of a factor of production to a change in its price may be limited
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by binding constraints, such as another predetermined factor. For a
persistent price change, these constraints tend to become slack over time
due to adjustments, such that the long-run response is weakly larger
than the short-run response.

The literature has since proposed different microfoundations for such
“binding constraints”: Atkeson and Kehoe (1999) propose a putty—clay
model, in which the capital-energy ratio is fixed after the capital is
installed. For the capital-energy ratio to change, the existing capital
stock must be replaced over time. Leén-Ledesma and Satchi (2019)
develop a model of factor-augmenting technical change, in which the
production technology exhibits a certain elasticity of substitution between
inputs in the short run, and a weakly larger elasticity for the long run,
due to the possibility to develop factor-augmenting technology. Liu
and Tsyvinski (2024) develop an input—output model with endogenous
network formation. Agents incur a cost to adjust their network, which
introduces a dynamically increasing response of the aggregate to a shock.

While the credible estimation of long-run elasticities is difficult, no-
table studies exist that exploit natural experiments to directly document
the difference between the short- and long-run responses. Chirinko (2008)
provides a review of estimates of the capital-labor elasticity of substitu-
tion, with short-run estimates around 0.25 and long-run estimates around
0.60. Boehm et al. (2023) show that Armington trade elasticities increase
in magnitude from —0.76 after 1 year, to —2.1 after 10 years. Deryugina
et al. (2020) estimate the elasticity of residential electricity demand as
—0.09 after 6 months and —0.30 after 2 years. Peter and Ruane (2025)
show that the elasticity of substitution between intermediate inputs
increases from 0.52 at the 1-year horizon to 2.47 after 7 years.

The alternative to natural experiments are structural models.
Chirinko and Mallick (2017) employ a low-pass filter to extract the
long-run correlation between capital and labor. Apostolakis (1990) and
Pindyck and Rotemberg (1983) study the own-price elasticity of energy
in a model with adjustment costs to capital. Topel and Rosen (1988)

estimate the housing supply elasticity in a model with forward-looking
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investors.

The interpretation of the between-estimator as the long-run response
is well-established in the literature. Kuh (1959) is an early reference
to explicitly state the connection. Baltagi and Griffin (1984) numeri-
cally compare different estimators, and show that the within-estimator
corresponds to the short-run response, while the between-estimator corre-
sponds to the long-run response under a distributed-lag data-generating
process. Stern (2012) explicitly notes the larger estimates based cross-
sectional variation in interfuel substitution elasticities, and reiterates the
long-run interpretation. Pirotte (1999) formally shows that the static
between-estimator converges in probability to the dynamic long-run
coefficient.

The autoregressive distributed-lag (ARDL)/error-correction model
(ECM) literature recovers the long-run multiplier from such dynamic
regressions (Pesaran & Shin, 1999; Pesaran et al., 2001). The optimal
policy derived in this paper takes the form of an ARDL(1,0) model,
and can be written as an ECM. Under stationary prices, however, the
ARDL long-run multiplier captures the behavioral steady-state gain
rather than the structural elasticity: forward-looking agents who expect
prices to mean-revert dampen their response, compressing the multiplier
below the true elasticity. The correction developed in this paper provides
the additional step of undoing this dampening, thereby recovering the
structural elasticity from transitory price variation. Section 2.2.8 develops
the connection.

There are several papers with models closely related to this paper’s,
but asking different questions. Sargent (1978) and Kennan (1979) both
develop dynamic linear-quadratic models with quadratic adjustment
costs and rational expectations. Both recover the structural elasticity via
FEuler-equation estimation. The correction formula provides a closed-form
shortcut: the same identification without structural estimation.

A conceptually related approach is Chetty (2012). Under a model of
fixed cost of adjustment, he derives bounds on the labor supply elasticity

of individuals, based on the (lack of) response to a given tax change.
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2.2 Model

This section develops a dynamic model of input choice under adjustment
frictions. The leading example is a firm choosing its input mix in response
to relative prices, where the elasticity of substitution governs the static
response. Adjustment frictions cause a partial response, attenuating the
estimated elasticity. The approximated model yields a linear policy rule,
the coefficients of which depend on observable persistence parameters and
a calibrated discount factor, but not on the structural cost parameters
that generate the friction. These estimated persistence parameters can

then be used to recover the long-run elasticity from the short-run estimate.

2.2.1 The Static Problem

A firm produces output Y using two inputs with a constant elasticity of

substitution (CES) production function with constant returns to scale:
1 o—1 1 o1 ﬁ
F(X1, X2) = <W X7+ (1 =A)YX, T >
The firm minimizes the cost of producing Y

i P X P X
)?111)1(12{ 1X1 + FaXo

F(X1,X3) = 17}

With constant returns to scale, the output constraint pins down both
input levels from the input ratio. Define z = log(X2/X1) and p =
log(P;/P,). Both X; and X are uniquely determined by x and Y, so
the cost minimization reduces to choosing the scalar x. The first-order

condition yields the optimal input ratio:

1—5

xr=op+7, ~v = log (2.1)

The elasticity of substitution ¢ governs the log-linear response of the
input ratio to the relative price.

The CES cost function, expressed as a function of the scalar =z,
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separates into a scale factor and a relative unit cost (appendix 2.A.1):
C(a;p,Y) = PYc(a;p) (2.2)

where ¢(z; p) is the relative unit cost function. Without loss of generality,
let input 2 be the numéraire (P> = 1). Then c is the unit cost function,
and C' =Ye.

2.2.2 Adjustment Frictions and the Dynamic Problem

Suppose the firm faces an adjustment cost for changing its input mix,
®(x,2_1;Y). Assume the function is increasing and convex in the dif-
ference between last period’s and today’s values, z — z_1, and satis-
fies ®(z,r) = 0. It scales linearly with Y, such that we can write
O(z,2_1;Y) =Yo(x,z_1).

The dynamic problem of the firm is then to minimize the expected

discounted sum of production costs plus adjustment costs:

minEZﬁ c(ze; pr) + Pz, 1)) (2.3)

{ze} 73
Since both C'= Y ¢ and ® = Y ¢ carry the common factor Y, it divides
out of every term in the objective, reducing the problem to the unit-cost
form shown. For each ¢, the minimized cost ¢(x*(p;); p:) depends only on
the price realization and is not a choice variable. In the infinite-horizon
problem, subtracting this term from each period’s cost does not change
the optimal policy: the firm’s choice of {z;} is the same whether it

minimizes total cost or total excess cost,
o
min B > B e(wes pe) — (@™ (pe); pr) + Dlae, we—1)]
Ttr =0
where 2*(p) = op + . The problem is therefore equivalent to minimizing

the excess cost of deviating from the static optimum at each ¢, plus

the cost of adjustment. Assuming the log-relative price p follows a first-
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order Markov process, the problem has the following recursive Bellman

equation:

V(z-15p) = min {c(z;p) — c(a*(p);p) + d(z, 2-1) + FE[V (2;9") | p]} -
(2.4)

2.2.3 The LQ Approximation

To derive the closed-form optimal policy, I transform the problem into
a problem of the linear-quadratic (LQ) class of Bellman equations. For

that, I need two approximations and one functional form assumption.

Second-order approximation. Taylor-expanding c(x;p) around
x*(p), the first-order term vanishes because z*(p) is defined as the

minimizer of ¢(-;p),

c(x;p) = c(z*(p);p) + ¢ (" (p); p)(x — 2" (p)) + %C’/(fv*(p);p)(fﬁ —a*(p))*.
T

Subtracting the level term from both sides yields an approximation of

the excess cost:

1
olw;p) = (@™ (p);p) = 5¢" (" (p); p) (@ — 2" (p))*.
The curvature ¢’ (z*(p); p) is state-dependent, as it varies with p through
the cost shares. For the CES case, ¢’(z*(p);p) = ¢*s152/0, where ¢*
is the minimized unit cost and s; are cost shares at the optimum (ap-
pendix 2.A.2). This precludes a closed-form solution, so I introduce the

following additional approximation.

Constant-curvature approximation. Evaluate the curvature at the

unconditional mean price:

k= c"(z*(p)), p = p = E[p]
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This is an additional approximation beyond the second-order expansion.
The gain is a linear policy rule and closed-form correction. The cost is
approximation error when prices are far from p. The approximation error
is of the same order as the Taylor truncation error and does not degrade

the overall approximation (appendix 2.A.6).

Quadratic adjustment cost. Specify the adjustment cost as:

Pz, w-1) = %(x —z_1)?

This is a functional form assumption. The parameter ¢ measures the
effective intensity of adjustment frictions. The quadratic specification is
deliberately agnostic about the underlying mechanism: different micro
frictions can generate the same observable adjustment speed, so the

quadratic form is without loss for the correction.
AR(1) price process. Specify the price process as

P=p+1-pu+1,

with ' ~ N (0, 0727). The log-relative price has persistence p € [0, 1], and

unconditional mean p.!

LQ Bellman equation. Combining these specifications, the Bellman

equation becomes:

V(w-iip) = min {50 — ")) + S0 — 002 + GBIV (8 |81}
(2.5)
2 (p) = op+ 7,
P =+ 10—=pp+n,n~N0o).

'The method generalizes to stationary AR(k) processes, see appendix 2.A.8.
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This is a linear-quadratic (LQ) tracking problem (Ljungqvist & Sargent,
2018, ch. 5): the firm tracks a moving target x*, penalized for deviating

from it (curvature k) and for adjusting toward it (cost ).

2.2.4 Optimal Policy

Proposition 2.1 (Optimal Policy). The solution to the LQ tracking
problem (2.5) is:

z(z_1;p) = Ar—1 + (L= Néop+ (1 = N[y + op(l - §)] (2.6)

where A € (0, 1) is the persistence parameter and & € (0,1) is the forward-

looking dampening factor:

N
=22

= =% (2.7)

Proof. By undetermined coefficients on a quadratic value function; see
appendix 2.A.3. ]

The persistence parameter A is the stable root of the Euler equation’s

characteristic polynomial. It has a closed-form expression:

(k+ 9+ pY) — V(s + 9 + B)? — 4p5¢?

A=
264

(2.8)

As ¢ — 0, A = 0 (no adjustment costs, immediate adjustment). As
1) — 00, A — 1 (prohibitive costs, no adjustment). Higher 5 decreases A:
more patient agents adjust faster, as they weight future deviations from
the target more heavily.

The dampening factor £ captures forward-looking behavior. It equals
one when prices are permanent (p = 1), so the firm tracks the target
fully. When prices are transitory (p < 1), the firm dampens its response:

a price change that will revert is not worth fully tracking.

Corollary 2.1 (Sufficient Statistic). The structural cost ratio is deter-
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mined by the persistence parameter:

% _ (1-— )\)g\l — BA) (2.9)

Consequently, the dampening factor € depends only on (X, 3, p).

The reduction of £ from a function of (k, v, A, 3, p) to (A, 3, p) alone
is a general property of LQ tracking problems. The stable root A\ of
the Euler equation creates a one-to-one mapping between A and /v
(given (), an identity that requires both the within-period first-order
condition and the envelope condition (appendix 2.A.3). The implication
is a sufficient-statistic interpretation: the observable adjustment speed A
encodes all information about the structural cost parameters needed for
the correction. This property would break with (i) multiple adjustment
margins or (ii) non-quadratic costs. Under AR(k) prices the sufficient-
statistic result is preserved, but the correction formula generalizes: it
involves the full companion matrix of the price process rather than the
scalar p (see appendix 2.A.8).

In steady state at p = p, the optimal policy gives & = opu+v = x*(u):

the firm sits at its frictionless target when nothing is changing.

2.2.5 Approximation Order

Two alternative routes lead to the same LQ policy rule (2.6): a joint
second-order approximation of the objective function around (z,p) (ap-
pendix 2.A.4) and a first-order linearization of the exact Euler equation
around (Z,p) (appendix 2.A.5). Both are perturbations around the same
point on the optimum ridge z*(p) and produce identical policy rules (a
general result in perturbation methods, Benigno & Woodford, 2012).
Using perturbation arguments, I show that the policy-rule approxi-

mation error is of order O(O‘%) around o, — 0 (appendix 2.A.6).
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2.2.6 Short-Run and Long-Run Elasticities

Based on the optimal policy (2.6) there are two natural concepts for the

elasticity of substitution at different time horizons.

Definition 2.1 (Short-Run Elasticity). The short-run elasticity is the im-
pact response of the input ratio to the current price, holding the inherited
state fized:

oz (I=X)(1=p5X)

ISR = 5 =(1-XN)o = 1= g
T—1

Two forces attenuate the impact response relative to o. First, partial
adjustment: the firm closes only a fraction (1 — \) of the gap to the
target each period. Second, forward-looking dampening: when prices are
transitory (p < 1), the firm anticipates mean reversion and does not fully
track the current target. Only when prices are permanent (p — 1, so

& — 1) does the second force vanish.

Definition 2.2 (Long-Run Elasticity). The long-run elasticity is the

steady-state response to a permanent shift in the price environment:

dz

:@:O’

OLR :

In steady state the input ratio is constant, so adjustment costs are
zero and the firm sits at its frictionless optimum. Since Z(u) = op + 7,
the steady-state input ratio responds one-for-one with the frictionless
target, no attenuation from either force, because neither operates when

nothing is changing.
Geometric adjustment trajectory. The transition dynamics yield a

testable prediction. If the firm knows a price change Ap is permanent, it

adjusts by (1 — A)ocAp on impact, A(1 — A\)oAp in the next period, and
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so on. The cumulative response is:

o0
(1— /\)aApZ N =oAp
§=0
Under the optimal policy, the impulse response profile to a permanent
shock therefore follows a geometric decay with parameter A. This is
a testable prediction we could verify by estimating the time-profile of

adjustments in an ideal empirical setting.

SR/LR ratio. The ratio of short-run to long-run elasticity summarizes

the total attenuation:

osr _ (1=A)(1=pA)

- (2.10)
OLR 1—BAp
Table 2.1 reports limiting cases.
Table 2.1: Limiting cases of the SR/LR elasticity ratio
Limiting case OSR/OLR Interpretation
A — 0 (no frictions) -1 Immediate full adjustment
A — 1 (prohibitive frictions) — 0 No contemporaneous response
p — 1 (permanent prices) —(1=X) Only partial adjustment attenuates
p — 0 (i.i.d. prices) — (1 =X)(1 —BA) Both forces attenuate

2.2.7 Attenuation and Correction

The analysis uses time-series (within) variation: the relevant estimating

equation regresses the input ratio on the contemporaneous relative price,

controlling for firm fixed effects (or equivalently, in first differences).?

2Cross-sectional (between) variation offers an alternative route to the long-run elas-
ticity when permanent price differences across firms are exogenous. If those differences
are endogenous (for example through market power), the between estimator can be
severely biased. Section 2.4 formalizes this argument and shows when cross-sectional
identification fails.
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The estimating equation is:
Tit = a; + 0pit + Uit

Under the true DGP (2.6), the regressor p; is correlated with the omitted
variable z;_1 through price persistence. The ordinary least squares (OLS)

coefficient & therefore combines the true coefficient on p; with omitted
variable bias (OVB).

Omitted variable bias. The auxiliary regression coefficient of x;_

on p; in the stationary distribution is:3

N Cov(x—1,py)

p
0=
Var(p;)

'lpr

=(1-MNéo

By the OVB formula, 6 = (1 — A\)&o + AJ. Substituting and simplifying
yields:

é _ (1_)‘>(1_/3)\) (2'11)

(1 =Ap)(1 = BAp)’
Proposition 2.2 (Attenuation Decomposition). The attenuation of the

static OLS estimator decomposes into three factors:

6 1
— = (1 — )\) . é’ .
g —— ~—~ 1-— )\p
N adjustment  forward-looking N——
attenuation friction dampening ovVB
amplification

The first two factors attenuate. Adjustment friction (1 — \) reflects
the mechanical partial response; forward-looking dampening () reflects
the firm’s anticipation of price mean reversion. The third factor partially
offsets: omitting x;_1 amplifies the apparent response because x;_1 is
positively correlated with p; through price persistence. When p = 0 (i.i.d.
prices), the OVB factor equals one and 6 = ogr. When p > 0, ¢ lies

3In demeaned form the policy and price process read #; = AZ:—1 + (1 — A)éop; and
Pt = pPt—1 + n¢. Since 1 is independent of Zi—1, Cov(Zt—1,pt) = p Cov(Te—1,Pr—1).
Multiplying the policy by p: and taking expectations gives Cov(Z:,pt)(1 — Ap) =
(1 — MN)&éo Var(p:). Rearranging and dividing by the variance of the price gives 4.
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between ogr and orR.

Correction formula. Inverting (2.11) yields the main result:

(1—Ap)(1 = BAp)
(I=X)(1-8A)

oc=6- (2.12)
The correction recovers the structural elasticity from the attenuated
estimate using only A, p (both estimated), and S (calibrated). The
sufficient statistic property of the LQ policy (Corollary 2.1) implies that
the persistence parameter A encodes all relevant information about the

deeper cost parameters (k, 1) and no structural estimation is necessary.

2.2.8 Connection to ARDL and Error-Correction Models

The optimal policy (2.6) takes the form of an ARDL(1,0) model: an au-
toregressive distributed-lag model with one lag of the dependent variable

and zero lags of the exogenous variable (Pesaran & Shin, 1999):
z=Xe_1+bpte, b= (1-No, c=(1-\)[y+ou(1—¢)]. (2.13)

This paper’s LQ model provides a microfoundation of the ARDL formu-
lation, which is typically assumed ad hoc (Pesaran, 1997).

Error-correction representation. Reparameterizing (2.13) in error-

correction form gives:
Az =z—2_1=—(1-X\)(x_1—Eop—m), m = y+ou(1-E£). (2.14)

The adjustment speed is (1 — \), the fraction of the gap closed per
period. Crucially, the “equilibrium” target in this error-correction model
is £op + m, which is not the frictionless optimum op + «. The firm
corrects toward a dampened target because it rationally expects prices

to mean-revert.

84



ARDL long-run multiplier versus structural elasticity. The

ARDL long-run multiplier is:

MLR = 1) £o.

This object is the behavioral steady-state gain: the response after the
dynamic adjustment has played out, under the agent’s belief that shocks
are transitory. The structural elasticity o is the response to a known
permanent shift in the price level (Definition 2.2). The wedge between
the two is the forward-looking dampening factor £ = (1 — B\)/(1 — BAp).

Generally, in the ARDL/ECM literature, the long-run multiplier
b/(1 — A) is the long-run object of interest, and & is not defined within
the model. The structural decomposition provided by the LQ model
allows us to separate the ARDL long-run response into £ and ¢. This
distinction becomes relevant for counterfactuals that involve permanent

changes (for example changes in the price through a tax).

When the two objects coincide. The ARDL multiplier equals the
structural elasticity in two limiting cases: (i) With non-stationary prices
(p > 1 = & — 1) the model becomes a standard ECM or co-integration
model, and the long-run multiplier equals the structural elasticity (Engle
& Granger, 1987). (ii) With myopic agents (5 =0 = £ = 1) there is no
forward-looking dampening (incorporating this forward-looking behavior
in adjustment cost models is a contribution of Sargent, 1978).

The correction formula matters in the intermediate case: stationary
prices (p < 1) and forward-looking agents (5 > 0). It decomposes into
two logically distinct steps: (i) the ARDL step, recovering o from & by
accounting for the omitted lagged dependent variable; and (ii) the forward-
looking correction, recovering o from £o by inverting the dampening
factor . Step (i) is standard in the ARDL literature; step (ii) is this

paper’s contribution.*

*Standard ARDL theory delivers consistent, asymptotically normal inference on
o =b/(1 — \) (Pesaran & Shin, 1999), whether the forcing variable is I(0) or I(1).
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2.3 Implementation

This section describes how to compute the corrected elasticity (2.12) in
practice and how to obtain standard errors that account for estimation

uncertainty in the correction parameters.

2.3.1 Data Requirements

Data format. The core identification strategy is within-unit time-
series variation in prices: the estimating equations exploit how the unit
responds to changes in prices over time. This is satisfied by two data
structures: In a time-series setting, a single unit is observed over T' periods
and all variation is temporal. In a panel setting, N units are observed
over T periods. The within estimator (i.e., including unit fixed effects
(FE), or a first-difference specification) exploit the relevant variation in
the time dimension. Fixed effects strip out permanent cross-sectional
differences and leave only within-unit price variation, replicating the

same identification as in the time-series case.’

Permissible heterogeneity. The optimal policy function and thus
the model-implied DGP is:

Tit = Aig—1 + (1 — N)&opir + (1 = X) [y + ou(l = &)]. (2.15)

Reading off each component, the intercept (1—\)[y; +ou(1—¢&)] may vary
across units through the firm-specific demand shifter +; (or difference in
the unconditional mean of the relative price, ). In a panel, this hetero-
geneity is fully absorbed by unit fixed effects «; (or the constant in the
time-series case). The persistence A, the elasticity o, and the price per-

sistence p (which determines £) parameters must be homogeneous across

Several reparameterizations make o a direct regression coefficient (Bardsen, 1989;
Bewley, 1979; Wickens & Breusch, 1988), but all identify o, not o. This paper’s
correction adds the step of inverting &, which requires the auxiliary estimate p.

®The between estimator in panels requires exogenous variation in prices and can
be severely biased when price differences are endogenous. Section 2.4 develops the
problem.
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units, since the dynamics and price-response coefficients are common to
all units in the pooled regression.
2.3.2 Estimation Approaches
Approach 1: Correcting the static estimate.

1. Run the static regression: x;; = ay; + 0pir + Ust-

2. Run the dynamic regression: x;; = ay; + S\:L“Lt,l + bpir + wgt.

3. Estimate price persistence: p; = (1 — p)ft + ppr—1 + M-

4. Apply the correction formula (2.12) with calibrated S.
Approach 2: Direct extraction from the dynamic regression.

The coefficient on p; in the dynamic regression corresponds to the policy

coefficient (1 — \)éo. Solving for o:

b 1=BXp  b(1—BAp)

TN 1T-8 - N- W (2.16)

g =

This avoids the two-step correction by extracting o directly from the

dynamic regression coefficients.

Specification diagnostics. Before applying the correction, practi-
tioners should verify that the data are consistent with the LQ model’s
restrictions on the ARDL structure. The L(Q model predicts an ARDL(1,0)
specification: additional lags of p; have zero coefficients when prices follow
an AR(1) process, and additional lags of z; are absent under quadratic
adjustment costs. A significant coefficient on p;_; is consistent with
higher-order price dynamics; the AR(k) generalization (appendix 2.A.8)
then applies. A significant second lag of z; signals non-quadratic costs
or multiple adjustment margins, in which case the correction does not
apply. The bounds test of Pesaran et al. (2001) provides a check that
a level relationship exists (i.e., A < 1), a necessary precondition for a

non-trivial correction factor.
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2.3.3 Correction under Instrumental Variables

The correction formula (2.12) is derived for & from a static levels re-
gression. The attenuation combines the behavioral short-run response
osr = (1 — A\)&o with an omitted-variable amplification 1/(1 — Ap). The
amplification arises because the lagged state x;;—1 correlates with p;
through shared price history, inflating the slope in the static regression.

A subtlety arises when estimating the elasticity of substitution using
an IV specification with exogenous variation in the price, as is commonly
done in the literature. Let z; be an instrument for p;;. The exclusion
restriction then has two parts: the standard condition of zero covari-
ance with the regression error term, and additionally uncorrelatedness
with the lagged outcome: Cov(zj,z;t—1) = 0 (which is equivalent to
Cov(zit, pit—;) = 0 for j > 1). Intuitively, the instrument must only
contain “new” price information, not price information that is already
reflected in past choices of x; ;.

If the instrument satisfies this condition, the OVB channel of the static
regression (Proposition 2.2) is absent, which implies a different correction
factor. The intuition becomes clear through the MA(oco) representation

of the optimal policy,

e = (1= XN)éo Z N py_j + const.
Jj=0

If the identifying variation acts only at j = 0, the projection becomes

ATV COV(mit, Zit)

limé "' = =(1—-MN&o =ogg. 2.17
D Cov (v, 211) ( )€ SR (2.17)

Recovering o from ogp uses only the forward-looking dampening factor:

v 1=PAp
(1— N1 BN

Relative to (2.12), the factor (1 — Ap) drops out: the IV correction factor

is larger than its levels counterpart, but applied to a correspondingly

(2.18)

oc=0
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smaller estimate, and recovers the same ¢ under correct specification.’

2.3.4 Standard Errors

A~
A

The corrected estimate inherits estimation error from & (or b), A, and p.

The delta method provides analytical standard errors.

Delta method. For Approach 1, let § = (5,1, p) with covariance

matrix ¥y, and define:

g(0) =6

(1= 29)(1 = 8AD)
(1= )1 - B8N

The variance of the corrected estimate is:
Var(6eorr) = Vg(0)'ZeVg(0). (2.19)

For the first estimation approach, a bootstrap procedure can be used,

since there are no estimates of the covariance between the estimators.

2.4 Cross-Sectional Variation and Long-Run

Elasticity

Before applying the method in an empirical setting, I turn to the canonical
reduced-form estimation approach for long-run elasticity estimation: the
between-estimator. The intuition behind this estimator is that if there
are sufficiently persistent cross-sectional price differences between units
of observation, then the differences in the average outcomes between
these units inform the elasticity. Kuh (1959) gives an early argument for
between-unit estimation on these grounds; Pirotte (1999) provides the
formal result, proving that the between estimator of a static panel model

converges to the long-run transfer function of the underlying dynamic

5The same argument applies to a first-difference specification of Az;; on Ap; with
instrument Az;;.
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model. In this section, I describe how this strategy breaks down in the
presence of endogenous prices in the form of market power.

A natural source of permanent price differences across firms is market
power in input markets. If a firm’s purchases are large relative to the
supply side, buying more of input 2 drives up P» (monopsony), lowering
the observed relative price p = log(P;/P»). The observed price then
depends on the firm’s own input choice, introducing a simultaneity.

To make this precise, consider the symmetric case in which both
inputs face the same inverse supply elasticity w > 0: input j’s price is
P;; = P]Q-X;ji, where PJQ is the exogenous component. The firm’s shadow
price for optimization is the marginal expenditure (1 + wP;;), so the
CES first-order condition still gives a slope of o on the observed price

ratio. In logs, the observed relative price becomes:

P = p) — way,

where pY = log(PR i/ P207 ;) is the exogenous price and —wz; is the endoge-
nous feedback: a firm substituting toward input 2 (higher x;) raises P
relative to P ;, lowering p¢”. Under quantity discounts (w < 0), the
feedback is reversed.”

To isolate the implications, consider the steady-state cross-section
(averaging observations over time). Using the notation of Section 2.2, the
system is:

Ti = Op; + Vi, Pi = Wi — Wi,

where ; captures unobserved firm-level heterogeneity in the CES share
parameter, u; collects the exogenous sources of price variation, and —w
is the price feedback parameter. Under monopsony (w > 0), a firm
using more of input 2 (due to a lower ;) raises P, which lowers p. The
components u; and y; are assumed independent.

Solving the system jointly gives reduced forms z; = (op;+7:)/(14+ow)

"For quantity discounts, we need the additional stability condition ow > —1. The
asymmetric case (w1 # wz) introduces an additional scale channel; see appendix 2.B.1
for the full derivation.
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and p; = (u; —wv;)/(1 4+ ow). The between estimator’s probability limit

is:

Cov(zi, pi)
Var(p;)

=0 Var(ﬂz) W Var(fy,)
7 Var(u;) + w? Var(y;) Var(u;) + w? Var(y;)

plim(a'BE) =
(2.20)

If there is both price feedback (w # 0), and heterogeneity in demand
(Var(y;) > 0), the estimator is inconsistent. If prices are exogenous
(w =0) or all firms share the same demand parameters (Var(vy;) = 0),
the between estimator recovers o regardless of market structure. The
direction of the inconsistency is determined by the sign of the feedback:
the probability limit lies below o under monopsony (w > 0) and above o
under quantity discounts (w < 0).

The severity of the inconsistency is governed by the signal-to-noise ra-
tio g == Var(u;)/ Var(~;). Dividing numerator and denominator of (2.20)

by Var(~;): X y
o+ 1l/w

-+ —. 2.21
o 14+ w?/q (2:21)

plim(6pg) = —

The between estimator interpolates between the uninformative limit —1/w
(at ¢ — 0) and the truth o (as ¢ — o0), with weight w(q) = ¢/(q + w?)
on the informative component. The degenerate case is not a knife-edge
but the extreme of a continuum: even moderate demand heterogeneity
relative to exogenous price variation (¢ small relative to w?) yields a
severely inconsistent estimator.

The limiting case of all cross-sectional price variation being endoge-
nous, Var(yu;) = 0, makes the failure most transparent: the formula col-
lapses to plim(6pg) = —1/w. The estimator is completely uninformative
about the elasticity. The intuition is straightforward: all cross-sectional
variation in (z;,p;) is generated by the latent ;. A firm with stronger
unobserved demand for input 2 (high ~;) chooses a high z;; through
monopsony, this raises P, and lowers its observed p;. Both variables are

driven by the same underlying heterogeneity, with opposite signs. The
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regression recovers the ratio of ;’s reduced-form effects on p; and x;,
and not the structural elasticity. Moreover, no cross-sectional instrument
can rescue identification: since p; = —w~;/(1 + ow) in the reduced form,
any variable correlated with p; is necessarily correlated with ~;, making
relevance and exogeneity mutually exclusive.

The within estimator sidesteps the endogeneity problem. Firm fixed
effects absorb -;, eliminating the demand-heterogeneity channel through
which endogenous prices create inconsistency. The contemporaneous
simultaneity from w remains but is addressed by instrumenting prices
with exogenous shifters; intuitively, the within estimator requires only
the changes in prices to be exogenous, not the levels. The correction
derived in this paper then recovers ¢ from the within estimate, requiring
only predetermination of the instrument, which is typically a weaker

assumption.

2.5 Empirical Application

This section applies the correction framework to elasticity of substitution
estimates for intermediate inputs from Peter and Ruane (2025) to test
the performance against a setting in which both a short- and long-
run elasticity are credibly identified. The paper produces estimates
of both a short- and long-run elasticity of substitution based on two
complementary identification strategies. The data underlying the paper
is publicly available, which allows me to estimate the relevant persistence

parameters directly and test the approach.

2.5.1 Setting

Peter and Ruane (2025) study the elasticity of substitution across in-
termediate inputs in Indian manufacturing using plant-level data from
Annual Survey of Industries (ASI). The unexpected and sudden trade
liberalization in India during the 1990s lead to substantial changes of

the relative prices of intermediate inputs due to the removal of tariffs.
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The authors estimate the long-run elasticity of substitution between in-
termediate input categories as the response to these arguably exogenous
price changes after seven years.

In addition to this permanent level shift of the relative prices, the
authors also use transitory variation in the global prices of commodities
to estimate the short-run elasticity of substitution.

Their identification strategy instruments plant-level input expendi-
ture shares with global commodity prices constructed from Base pour
I’Analyse du Commerce International (BACI) bilateral trade data. The
short-run IV estimate (1-year horizon) yields ogr = 0.52; a separate long-
run estimate (7-year horizon) based on tariff variation implies or,r = 2.47.

The gap between these estimates is consistent with the attenuation
mechanism developed in Section 2.2: if plants face adjustment frictions
when reallocating across inputs, short-run responses understate the
long-run elasticity. Because ogg is identified from a price-innovation
instrument, the applicable correction is the IV variant CF™Y (X, p, 3)
derived in Section 2.3.3, which recovers the long-run elasticity from the
attenuated short-run estimate provided the price process is stationary.
The required correction factor to bridge the gap is CF = 2.47/0.52 ~ 4.8.

2.5.2 Data
ASI

The Annual Survey of Industries provides plant-level microdata on Indian
manufacturing. The analysis uses the census sector (plants with 100 or
more workers), which is surveyed annually, for the period 1998-2013.
Item-level input expenditures, classified at the ASICC 5-digit level, are
aggregated to eight one-digit ASICC categories (k = 1,...,7,9; cate-
gory 8, Transport, is excluded). The panel unit is a plant—category pair
(i, k), observed annually. For details on the ASI, see Peter and Ruane
(2025) and Allcott et al. (2016).8

8The ASI waves are available at https://microdata.gov.in/.
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WPI

The Wholesale Price Index provides national commodity price indices,
spliced across two base years (1993-94 and 2004-05), covering 1994-2016.
A concordance maps WPI commodities to ASICC 5-digit codes via fuzzy
description matching, achieving an 85% expenditure-weighted match
rate; unmatched items fall back to the WPI sub-group aggregate. WPI is
used to construct plant-specific Térnqvist price indices p;f',;t for deflating

expenditure shares.”

BACI

The BACI dataset provides bilateral trade flows at the HS96 6-digit level
for 1996-2024. Global unit values are constructed as Pk(’; =>V/>Q
across all bilateral flows excluding India, so that India’s own demand
does not affect the price measure (the exclusion restriction for the IV
estimation in Peter & Ruane, 2025).10

BACI rather than domestic WPI prices are used to estimate p because
the Peter and Ruane (2025) IV strategy identifies ogr from global
commodity price variation. The structurally relevant p is the persistence

of the identifying price shocks.

Sample Restrictions

The sample restrictions follow Peter and Ruane (2025). Plant—year—
categories are restricted to those with at least one Fally and Sayre (2018)
commodity item. I apply the cleaning procedure described in Allcott
et al. (2016). I remove outliers as the top and bottom 2.5th percentiles

of values.

9The WPI panels are available at https://eaindustry.nic.in/.
"The BACT panels are available at https://www.cepii.fr/DATA_DOWNLOAD/
baci/doc/baci__webpage.html.
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2.5.3 Estimating Response Persistence )\

The response variable is the deflated log expenditure share:

_ Eiry )
Sipt = log< (2.22)
Pg;t B

it
where E;i; is plant i’s expenditure on input category k in year ¢, Pg,;t
is the plant-specific Térnqvist price index, and Ej}' is total material
expenditure. Deflation removes the mechanical price component from
expenditure shares, isolating real expenditure dynamics.
The persistence A is estimated via an AR(1) in first differences,

instrumented with twice-lagged levels (Anderson & Hsiao, 1982):
At = MASj 11 + Ot + Acyp, instrument: S;; ;o (2.23)

where d; are year-by-category fixed effects (year x ASICC 1-digit cat-
egory). First-differencing eliminates plant—category fixed effects and,
combined with IV, removes the Nickell bias that afflicts within estimators
in short panels. The instrument 5;; ;o also corrects measurement error
attenuation: under i.i.d. errors, twice-lagged levels are correlated with
A3 ¢+—1 through mean reversion but uncorrelated with Agipe. M

Table 2.2 reports descriptive statistics for the estimation sample;
Figure 2.1 shows the distribution of levels and first differences. Ta-
ble 2.3 reports the estimation results; Figure 2.2 shows the first-stage and
reduced-form relationships. The estimate is A =0.35 (SE = 0.25, two-way
clustered at the plant and year level), with a first-stage F-statistic well

above conventional thresholds.

"The Anderson and Hsiao (1982) estimator is a simple case of the Arellano and
Bond (1991) estimator, with only one lag as instrument. It can be implemented as
a linear 2SLS regression, and does not require a full non-linear GMM estimation. I
choose it here for its simplicity.
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Table 2.2: Descriptive statistics: \ estimation sample.

N Mean Median SD

Sikt 16,441 -0.685  -0.241 0.967
AS; 16,441 -0.014  -0.001 0.605

Notes. Descriptive statistics for the estimation sample used to estimate . The sample
covers 8,319 plants (9,398 plant—category pairs) in the ASI census sector, 1999-2013,
ASICC categories 1-7 and 9, restricted to plant-year-categories containing at least

one Fally & Sayre commodity item. A symmetric 2.5% trim on 35 levels is applied.

2.0
%1.5 !
= =
21.0 2
a Q2
0.5
0.0 0
-4 -3 -2 -1 0 -2 -1 0 1 2
ikt Ay
(a) Levels: 5;x¢ (b) First differences: A§;x;

Figure 2.1: Distribution of deflated log expenditure shares () estimation
sample). See table 2.2 for summary statistics.

-2 -1 0 1 -2 -1 0 1
3ik t—2 (residualized) 3ik,t—2 (residualized)
(a) First stage: Sik1—2 — ASig -1 (b) Reduced form: 85 1—2 — A8t

Figure 2.2: Binscatter of first-stage and reduced-form regressions for the
estimation of response persistence A. See table 2.3 for the IV results.
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Table 2.3: Estimating response persistence A

A3kt
Ak -1 0.3478
(0.2505)

Year x ASICC 1-digit fixed effects Yes
Observations 16,437
First-stage F-statistic 2,181.5

Notes. The table estimates the persistence of deflated log expenditure shares, A,
in an AR(1) model. The regression is Anderson-Hsiao IV: first-differenced AR(1)
instrumented with twice-lagged levels §;:—2 (equation 2.23), with year-by-category
fixed effects (year x ASICC 1-digit category). The year-by-category fixed effects
absorb category-level price innovations, serving as a nonparametric control for the
relative price variation that would otherwise require a (mismeasured) price regressor.
The panel covers plant—category pairs in the ASI census sector, 1999-2013, ASICC
categories 1-7 and 9, restricted to plant-year-categories containing at least one Fally
& Sayre commodity item. The sample applies a symmetric 2.5% trim on the level of
Sikt, requiring all three level variables at ¢, t — 1, t — 2 to lie within the trimmed range.

Standard errors are two-way clustered at the plant and year level.
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2.5.4 Estimating Price Persistence p

The price variable is the pairwise log price ratio constructed from BACI
global unit values:
y
p’ =log P —log Pf]

for all pairs (k,j) of HS6 commodity codes in the Fally and Sayre (2018)
list. The pairwise construction differences out common time trends, so
that identification comes purely from within-pair variation in global
relative prices over time.

The persistence p is estimated via an AR(1) in first differences with
Anderson and Hsiao (1982) IV:

Apfj — ,()Aple + A'r/fj’ instrument: prQ (224)

As with A, first-differencing and IV address the Nickell bias.

Table 2.4 reports descriptive statistics for the price series; Figure 2.3
shows the distribution of levels and first differences. Table 2.5 reports
the estimation results; Figure 2.4 shows the first-stage and reduced-form
relationships. The estimate is p = 0.37 (SE = 0.24, two-way clustered
at the pair and year level), with a first-stage F-statistic well above
conventional thresholds. The large sample reflects the combinatorial

explosion from forming all pairwise ratios among 492 HS6 codes.

Table 2.4: Descriptive statistics: pairwise log price ratios.

N Mean Median SD

P 1,450,365 0.665  0.610 2.034
Apl 1,450,365 0.004  -0.000 0.404

Notes. Descriptive statistics for the estimation sample used to estimate p. The sample
covers 492 HS6 codes (115,164 pairs) over 13 years (1999-2013). Pairwise log price
ratios are constructed from BACI global unit values at the HS6 level, restricted to the
Fally & Sayre commodity list, with a symmetric 2.5% trim on log price ratio levels.

See Figure 2.3 for distribution plots.
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Figure 2.3: Distribution of pairwise log price ratios (p estimation sample). See
table 2.4 for summary statistics.

Table 2.5: Estimating price persistence p.

Apy?
Api, 0.3695
(0.2359)
Observations 1,450,365

First-stage F-statistic = 17,152.6

Notes. The table estimates the persistence of pairwise log price ratios, p, in an AR(1)
model. The regression is Anderson—Hsiao IV: first-differenced AR(1) instrumented with
twice-lagged levels pf g 5 (equation 2.24). Pairwise log price ratios are constructed from
BACI global unit values at the HS6 level, restricted to the Fally & Sayre commodity
list, with a symmetric 2.5% trim on log price ratio levels. Sample: 1999-2013. Standard

errors are two-way clustered at the pair and year level.
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Figure 2.4: Binscatter of first-stage and reduced-form regressions for the
estimation of price persistence p. See table 2.5 for the IV results.
2.5.5 Implied Correction Factor

The IV correction factor (2.18) is computed from the estimates above

with a standard annual discount factor:

1—B\p
(1=XN)(1—-BA)

CFYV (X, p,B) =

At A = 0.35, p = 0.37, and 8 = 0.95, this gives CFV ~ 2.01. The
corrected short-run estimate is ogp x CFV ~ 0.52 x 2.01 ~ 1.05. The
correction roughly doubles the short-run estimate, but still falls short of
the required C'F =~ 4.8 needed to bridge the full gap to orp = 2.47.

Uncertainty in the corrected estimate propagates from three indepen-
dent sources: the original short-run estimate ogg, the estimated response
persistence 5\, and the estimated price persistence p. Applying the delta
method to Georr = Gsr - CFIYV(X, p, 8) with 65z = 0.52 (SE = 0.28),
A = 0.3478 (SE = 0.2505), and p = 0.3695 (SE = 0.2359) at 8 = 0.95
yields

Georr = 1.05, SE = 0.88.

The dominant contributions to the standard error are from X (0.67) and
dsr (0.56); price persistence p contributes only 0.09. The wide confidence

interval reflects substantial estimation uncertainty in all three inputs.
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The point estimate is insensitive to the choice of g € {0.95,0.97,0.99}.

2.5.6 Lack of Fit and Interpretation

The corrected estimate G¢or &~ 1.05 is substantially larger than the short-
run estimate, confirming that adjustment frictions attenuate the naive
estimate. However, it falls short of the long-run estimate of opp = 2.47
reported by Peter and Ruane (2025): a correction factor of CF'V a2 2.01
explains only a fraction of the gap that would require C'F' ~ 4.8. There
is substantial uncertainty around all parameter estimates, including the
elasticity estimates from Peter and Ruane (2025). This may point to
either statistical noise, or heterogeneity in the parameters, meaning a
model misspecification.

A more fundamental misspecification would be if the adjustment
cost took the form of a fixed plus convex cost. This implies an “inaction
region”: agents respond only to sufficiently large shocks. In the data, this
generates bunching in the changes of the policy variable around zero.
The density for A§;i; in figure 2.1b shows just such concentration around
zero, indicating that this may be the problem.

These results fail to verify the method in this setting. Section 2.6

develops general limitations and discusses the model’s applicability.

2.6 Discussion

2.6.1 Model (Mis-)Specification and Applicability

The framework requires adjustment costs to be smooth and convex, so
that the agent makes an observable adjustment in every period. This
limits the set of applications of this method. There exists ample micro-
level evidence that the adjustment of two extensively studied factors of
production, capital and labor, do not exhibit the required smoothness
(Hamermesh & Pfann, 1996). Instead, the adjustment cost is modelled
with an additional fixed component, or as irreversible. This introduces

inaction bands and so-called (.5, s)-policy rules (Caballero, 1999), which
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fundamentally prevent identification as proposed in this model. Following
Chetty (2012), only bounds of the elasticity can be derived with such an
adjustment cost structure.

To assess the applicability of this method, the shape of the distri-
bution of the changes to the outcome variable is instructive. A smooth
distribution without bunching is consistent with the smooth and convex
adjustment cost assumed here. At the micro level, this may hold for vari-
ables other than capital and labor, but must be verified.'? Alternatively,
aggregation smooths jumps at the micro level, allowing the method to

be applied at sufficiently high levels of aggregation.

2.6.2 Price Process Specification

The correction formula requires the log relative price to follow a stationary
process. The baseline case is AR(1) with persistence p < 1, and it extends
to AR(k) for k > 1, see appendix 2.A.8.

The model is no longer applicable if prices contain a permanent
component, for instance, p; = s; + P, where only p; is stationary and
sy follows a random walk. This violates stationarity not only for the
estimation of p, but for the structural model itself: under such a price
process, the agent’s optimal policy differs from the AR(1) policy derived
here, as permanent shocks elicit a full response while only transitory
shocks are dampened. The correction formula therefore does not apply,
and the direction of the resulting bias depends on the agent’s information
set and the variance decomposition between the two components. In
practice, unit root and KPSS tests on the price series are the natural
pre-check before applying the correction. Extending the correction to
non-stationary prices requires re-deriving the model under a permanent-

transitory price process and is left for future work.

12)\leasurement error complicates this diagnostic, especially for continuous variables.
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2.6.3 Parameter Heterogeneity

The correction formula is derived for a representative agent with a
common elasticity ¢ and a common adjustment speed A\. When A; varies
across units, applying the pooled correction raises two issues.

First, the correction factor is nonlinear in A, so pooling and correcting
do not commute: the pooled corrected estimate does not converge to o
in general. For the range of A and p relevant in practice, this Jensen-type
gap points upward, and the pooled correction overshoots.

Second, Pesaran and Smith (1995) show that in heterogeneous dy-
namic panels the pooled fixed-effect estimator of A is itself biased upward.
Since the correction factor is increasing in A, this inflates the correction
further, compounding the overshoot.

The mean-group estimator—correcting unit by unit and then
averaging—is consistent but requires sufficiently long panels (Pesaran &
Smith, 1995). In short panels, heterogeneity can be assessed informally
by comparing \ across subgroups such as industries or plant-size

quartiles.

2.7 Conclusion

I develop a method to estimate the long-run elasticity of substitution from
short-run variation. Using a second-order approximation of a transparent
model of input choice subject to an adjustment cost, I show there is
a closed-form factor relating the short- and long-run elasticities. The
necessary modeling assumptions are (i) an isoelastic relationship, (ii) a
stationary relative price, and (iii) a smooth and convex adjustment cost.
I show that this factor is a function of three parameters: the persistence
of the choice variable, the persistence of the relative price (both of
which can be estimated without additional data requirements), and a
discount factor (calibrated to standard values). I apply the method in
the empirical setting of Peter and Ruane (2025), who estimate both a

short- and long-run elasticity of substitution estimate.
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The canonical method to estimate long-run elasticities in panel data
is the between-estimator. It requires exogenous variation in the level of
the relative price between units. I show that the estimator is inconsistent
in the presence of endogeneity in prices, for example through monopsony
or quantity discounts. In limiting cases, the between-estimator contains
no information about the elasticity of interest. An instrument with
cross-sectional variation in the relative price can recover the elasticity.

The method proposed in this paper is complementary to the between-
estimator. Both aim to recover a long-run elasticity in the absence of
exogenous and persistent price shocks, which would directly identify
the time-path of the response, and thereby the elasticity. The between-
estimator relies on fewer structural assumptions, but requires exogenous
cross-sectional variation in prices. The method proposed in this paper
requires only exogenous time-series variation in prices, but imposes
structure on the behavior of agents.

I derive the method on the setting of substitution elasticities, but it
generalizes to other relationships like supply, demand, or trade elasticities,
so long as stochastic variables in addition to the price can be controlled

for.
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Appendices

Appendix 2.A Model Derivations
2.A.1 Cost Function in the Scalar Input Ratio

With constant returns to scale, the output constraint F(X, Xs) = Y
and the ratio Xo/X; = exp(z) pin down both input levels. Define the
CES aggregator:

Az) = <f”yl/” +(1=7) exp(J — 1JI>>H
o
Then X; = Y/A(x) and Xo = exp(z)Y/A(z), and the cost becomes:

C(z;p,Y) = Ai(;)

(P + Pyexp(z)) = i; (exp(p) + exp())

The second form uses Py = P> exp(p) and makes C' an explicit function
of the log relative price p.
Define the CES weights (component shares of the inner aggregator):

51/o (1—7)1/e exp(%x)

)= gyeim W= e
and the expenditure shares:
51(z) = exp(p) 52(z) = exp(z)

"~ exp(p) + exp(x)’ exp(p) + exp(z)

Both pairs satisfy w; +wg =1 and s1 + so = 1.
Taking logs of C = Y (P + Pyexp(z))/A(z) gives logC = logY +
log(Py + Py exp(x)) — log A(x). Differentiating each component:

d d
e log(P) + Pyexp(z)) = sa(z), e log A(x) = wa(x)

SO:

C'(z) = C(x)[s2(x) — wa(x)].
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The first derivative is proportional to the gap between the expenditure
share and the CES weight. Setting C’(2*) = 0 requires s2(2*) = wa(z*).
Cross-multiplying and taking logs recovers z* = op —+ -, the static
optimum (2.1).

At the optimum, the CES weights equal the cost shares: w;(z*) = s;.
This identity simplifies all higher derivatives of C at z*.

2.A.2 Cost Function Curvature

Component derivatives. Differentiating the expenditure shares and
CES weights:

s5(x) = s1(x)sa(x), wh(w) =

Second derivative. Differentiating C'(x) = C(z)[s2(z) — wa(x)] by

the product rule, at z* the first term vanishes because C'(z*) = 0:
C"(x") = C(a")[sh(x") — wy(a™)].

Using the component derivatives and the identity w;(z*) = s;:

1
sh(a*) — wh(a*) = s182 — ———s152 = 7
Therefore: o
O (") = =122, (2.A.1)
o

where C* := C(z*;p,Y) is the minimized cost.

Unit-cost version. Since C = ngfc, all derivatives scale by PY:
C" = P,Y¢'. Dividing through gives the curvature of the unit cost

function: X
C 5189
ko= (2") = ,
o

where ¢* = C*/(PY) is the minimized unit cost. This is the x used in
the LQ formulation (Section 2.2.3), where the scale factors P,Y cancel
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from the dynamic problem.

Interpretation. The curvature « is proportional to 1/0: higher sub-
stitutability flattens the cost function around the optimum, since a
deviation from the optimal mix is less costly when close substitutes are
available. The factor s;so peaks at balanced cost shares (s; = so = 1/2)
and approaches zero as either share vanishes—when one input dominates
the cost, the ratio of the two inputs matters little. The factor ¢* reflects

scaling: the percentage curvature k/c* = sys9/0 is scale-free.

Sensitivity to the input mix. The constant-x approximation eval-
uates curvature at the long-run mean z* = op + . The percentage
curvature varies along the optimum ridge as:

d k(0 =1)(s1—s2)

logf* = .
C o

This vanishes at balanced shares and at Cobb-Douglas (¢ = 1, where

shares are invariant to the input mix).

2.A.3 LQ Solution via Undetermined Coefficients
Guess a quadratic value function with six coefficients:
L a L 9
V(z_1,p) = §A;1:_1 + Bx_1p+ §Cp +Dx 1+ Ep+F.

Substitute the guess for the continuation value. Then the first-order
condition of the Bellman equation (2.5) with respect to x yields a linear

policy:

Y n ko — BBp ky — BD
= —— I_ —_———— —_—— .
kv +BA T wre+pAl T ke +pBA

Block-triangular structure. The definition of A implies the zero-sum
identity kA + ¥(A — 1) + BAX = 0, which causes terms proportional
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to f (or g) to vanish when matching cross-term (or linear) Bellman
coefficients. The quadratic coefficients (A, B, C) decouple from the linear

and constant terms, allowing sequential solution.

Persistence \. The Euler equation for z is (combining the first-order

condition with the envelope theorem):

Kz — 2" (p)) +(x —x-1) — BYE[2" — 2 | p] = 0.

The homogeneous part has characteristic polynomial Sz — (k + ¢ +
B)z + 1 = 0. The persistence A is the stable root. Dividing by ¥ A and
rearranging gives the identity:

k(1= N1 -8\

0 )

The factor (1 — A)/A arises from the within-period trade-off between
gap-closing (curvature k) and smoothing (cost ¢). The factor (1 — SA)
is the forward-looking correction from the envelope condition: the firm
anticipates that today’s x becomes tomorrow’s inherited state, incurring
future adjustment costs. In a myopic problem (5 = 0), the identity
reduces to k/1 = (1 — \)/A.

Price coefficient f. Matching the x_1p coefficient on both sides of the
Bellman equation, the terms proportional to f vanish by the zero-sum

identity, leaving:
—KAT

T 1- B
Substituting into the expression for f and using x/9 = (1 —X)(1—BX)/A:

(2.A.2)

f=(-Ngo, €=

confirming (2.6)—(2.7).
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Intercept g. Matching the x_; coefficient, the terms proportional to

g again vanish. In the zero-mean case (u = 0):

—RAY

Dzl—ﬁ/\'

(2.A.3)

The equations for B and D have identical algebraic form: B has ¢ in the
numerator and 1 — SAp in the denominator, while D has v and 1 — SA.
The constant ~ enters as if it had persistence peg = 1, it is a permanent
feature of the technology.

Substituting and simplifying gives g = (1 — A\)y at u = 0. For pu # 0,
only the intercept changes: the price process p' = (1 — p)u + pp + 1/
introduces additional p-dependent terms in the linear Bellman coefficients,
but the quadratic coefficients—and hence A and f—are unaffected. The
modified intercept is ¢ = (1 — A)[y + ou(l — £)], using the identity
BA(L = p)/(1— Brp) =1 - &

Steady-state check. Setting p=p and x = x_; = Z in the optimal
policy gives & = ou + v = x*(u): the firm sits at its frictionless target

when nothing is changing.

Remaining coefficients. The coefficients (C, E, F') complete the value

function but are not needed for the policy or the correction formula.

2.A.4 LQ Approximation as a Single Second-Order Expansion

The two-step procedure in Section 2.2.3 of a second-order Taylor ex-
pansion in x followed by constant-curvature evaluation, is equivalent
to a single joint second-order Taylor expansion of the excess cost func-
tion L(z,p) = c(x;p) — c(x*(p); p) around the reference point (z,p) =
(z*(P), P)-

Gradient vanishes along the optimum ridge. The excess cost L

equals zero along the entire curve z = z*(p), not just at the reference
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point. Consequently, both L and its gradient vanish at (z,p):

The first condition holds by definition of excess cost. The second holds
because = z*(p) minimizes ¢(+; p). The third follows by totally differen-
tiating L(z*(p),p) = 0 with respect to p: L(z*)'(p) + L, = 0, and since
L, =0at x =xz*(p), we get L, =0.

Rank-one Hessian. Because the value and gradient vanish, only the
Hessian contributes to the second-order expansion. Its three entries at
(z,p) are:

= — P — 2z
L., =K, L.y = —0k, Ly, = 07K,

where k = ¢’'(2*(p); p). The cross-derivative L,, = —ok follows from
differentiating the identity c,(z*(p);p) = 0 with respect to p (using
z*(p) = o). The second pure-price derivative L,, = o2k follows from
applying the envelope theorem twice to the minimized cost ¢*(p) =

c(z*(p); p). The Hessian is rank one:

H=Ff <10> (1 o).

Because the Hessian is rank one, the joint second-order expansion

collapses to:
2
L(z,p)~ —(x—op—")".

no| X

This is exactly the LQ production-cost term used in the Bellman equa-
tion (2.5).

Implications. Two consequences follow. First, the choice of p as the
reference price is not ad hoc: the gradient of L vanishes at every point
on x = x*(p), so the joint expansion yields the same quadratic form for
any reference price. Second, the two-step procedure discards no second-

order content: it captures all second-order information about L in (z,p)
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jointly. The leading error consists of third-order and higher terms in
(Z,p) == (z — Z,p — p), the same order as the truncation error in the

scalar expansion.

2.A.5 LQ Policy as First-Order Euler Equation Linearization

The LQ policy rule (2.6) is identical to the rule obtained by a first-order
linearization of the exact Euler equation around the deterministic steady

state (Z,p).

Exact Euler equation. The exact dynamic problem has the Bellman

equation
V(z_1;p) = min {c(ac;p) + %(m —a_1)* + BE[V (z;p) | p]} .

The envelope theorem gives 0V /0x_1 = —¢(x — x_1) regardless of the
cost specification, since x_1 enters only through the adjustment cost.
Combining the first-order condition with the envelope condition yields

the exact Euler equation:
d(x;p) +(x —x_1) — BYE[2' —z | p] = 0. (2.A.4)

Linearization. The adjustment cost terms in (2.A.4) are already linear
in z. Linearize the marginal cost ¢/ (x; p) around (Z, p), where & = 2*(p) =
op +v:
d(x;p) ~ d(#:p) + " (@) (v — 2) + ¢, (#:9) (p — D)-
=0 =K
The zero-order term vanishes because Z minimizes ¢(-;p). The cross-
derivative follows from differentiating the identity ¢/ (z*(p); p) = 0 with

respect to p:
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Substituting and using z + o(p — p) = op + v = z*(p):
d(z;p) = k(z — %) — ko(p — p) = K(z — 2™(p)).

Equivalence. Substituting into (2.A.4) yields precisely the LQ Euler
equation (appendix 2.A.3):

Kz — 2% (pe)) + (2t — 20-1) — BYE[441 — 2] = 0. (2.A.5)

The LQ policy rule therefore solves the linearized first-order conditions

of the exact problem.

2.A.6 LQ Policy Approximation Error Order

In this subsection, I quantify the error of the LQ policy rule (2.6) relative
to the exact optimal policy of the dynamic problem (2.3). I first evaluate
the exact Euler equation (2.A.4) at the LQ policy, decompose the resulting
residual into its two approximation-step components, and then bound

each component in terms of the innovation volatility o,.

Euler residual. Define the Euler residual e; as the left-hand side of

the exact Euler equation (2.A.4) evaluated at the LQ policy :zth Q

write dy = :BtLQ

, and

— 2*(p;) for the LQ tracking error:

et = c’(:L‘tLQ;pt) + ¢($tL - fUt 1) ﬁw]Et[le tLQ]'

By construction, the LQ policy satisfies the LQ Euler equation (2.A.5)

identically, so evaluating that equation at (xf?l, xtL @ xtfl) gives zero:

L % LQ L L
0= r(zy 9z () + ¢($t Ty Ql) 5¢Et[xt+1 — Ty Q]-
Subtracting that from e; gives

LQ

er = (2% p) = vz Y — 2 (p) = (2% pi) - K.
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Given smoothness and boundedness of ¢/, we immediately get e, = O(oy)):
each of ¢ (:UfQ; pe) and kdy is individually O(oy,), since d; = O(oy,) (the
LQ policy is linear in p; and collapses to z as o, — 0) and ¢’ inherits
the same rate through ¢/(z;p) = 0. But we can go further, see below.
Second-order Taylor-expand ¢ (x;p;) in x around z*(p:), us-

ing (x*(pt);pt) = 0 and defining the state-dependent curvature

S/

K(pe) = " (2" (pe); pr):
(i) = wlpdy + 5" (@ (); p)d} + ().

Substituting yields the two-component decomposition, which corresponds

to the two steps of the approximation in Section 2.2.3:

1
et = [k(pt) — K]de + 56"'(x*(pt);pt)df + O(d?) . (2.A.6)
N—_————
ef e?

The first component e is the error from freezing the curvature at x =

#(p); the second e is the error from dropping the nonlinearity of ¢ in .

Perturbation. To bound the residual components, I borrow from
perturbation theory and treat the stochastic price process as the variable
to be perturbed. The innovation standard deviation o, indexes the
perturbation: as 0, — 0 the price process degenerates to the constant
p. Orders O(a,’j) below refer to this limit: there exists a constant C
independent of o, such that |X| < Ca’; when X is deterministic, or
E[X?2]1/? < CO‘S when X is a random variable that depends on o, only
through the innovations {ns}s<¢. Under the assumption of n ~ N (0, 0%),
every polynomial function of these innovations has bounded moments of
all orders, so products compose: O(o7y) 'O(af;) = O(og“’). Since p € (0,1)
is held fixed, the stationary standard deviation o), = o,/ V1= p?is a fixed
multiple of o, so 0, = O(0y) and either may be used interchangeably

as the order parameter.
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Approximation order. Write p; '=p; — p and Z; = a:tL Q _ 7 for the
deviations from steady state. The price deviation satisfies E[p?]'/? =
0,/+/1 — p? in the stationary distribution, hence ¢ = O(0,). Subtracting
the steady-state identity Z = Az + fp + ¢ from the LQ policy rule (2.6),
yields the first-order recursion Z; = AZ;—1 + fp;. This has the MA (c0)
representation Iy = f 372 N pi_;. The coefficients f\ are independent
of 0, and, since A € (0,1), the series converges. Then, #; depends on
oy only through the innovations {7, }s<;. Together with p, = O(o,) this
gives #; = O(oy,). Combined with z*(p;) — = = op; = O(0y,), the tracking
error is d; = &y — op; = O(0y). Taylor-expanding «(-) around p gives
k(pt)—k = K'(p)Pr+0(07) = O(0). Both residual components in (2.A.6)
are products of O(cy,) factors, the order of the Euler residual is therefore
O(07). The policy error inherits that order: gl @ goxact — O(o?) (Santos,
2000).

2.A.7 Within-Model Steady-State Gain

A subtlety arises if one feeds a permanent level shift through the existing
policy rule without updating the intercept: The firm observes a higher p;
but does not know that p has changed, treating the shift as a transitory

shock. Its steady-state response is then not ¢ but the within-model gain:

1— BA

o= 1 80 B}\pa.

This is the object the between estimator identifies under stationary
idiosyncratic prices. It exceeds the short-run elasticity ogr = (1 — A€o
but falls short of ¢ whenever p < 1, because the firm never fully adjusts
to what it expects to be a transitory shock.

The gap o — £0 vanishes only when p — 1, which makes the firm’s
belief and the shock’s true persistence consistent. The contrast with
the long-run elasticity orr = o (Definition 2.2) is one of information:
when the firm knows p has shifted, it updates the intercept and adjusts

fully; when it does not, it relies only on the price coefficient {0 and
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under-adjusts. The within-model gain £o equals the cumulative impulse
response (cumulative impulse response) ratio, which is the correct long-
run concept for transitory shocks, while ¢ governs permanent environment
shifts.

This is the distinguishing feature of the error-correction model and
co-integration models (Engle & Granger, 1987). Those models assume a

unit root process, i.e., p — 1, and thus do not feature this dampening.

2.A.8 AR(k) Generalization

This subsection sketches the two results stated in Section 2.2.4: that the
persistence parameter A is unchanged when prices follow an AR(k) pro-
cess, and that the correction formula generalizes to involve the companion

matrix A of the price process.

Setup. Write the AR(k) price process in companion form p; = Apy—1 +
nte1, where pr = (pe, Pe—1, - - -, Pt—k+1)’s A is the k x k companion matrix,
e is the first standard basis vector, and all eigenvalues of A lie strictly
inside the unit circle. The j-step-ahead forecast is E¢[piij] = €] A/p;.
The frictionless target remains z*(p) = op + v = oe\p + 7.

A is price-process independent. The Euler equation of the dynamic

problem is:
K(z — 2" (p)) + ¥(z —2-1) — BYE[2’ — z | p] = 0.

This equation involves only the cost parameters (k, 1, ) and the con-
ditional expectation of the policy, not the parametric form of the price

process. The homogeneous characteristic polynomial,

BYz? — (k+ v + Bip)z + ¢ = 0,

is therefore identical to the AR(1) case (appendix 2.A.3). The stable root
A < 1 and the identity /¢ = (1 — X\)(1 — SA)/A carry over unchanged.
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Policy under AR(k). Iterating the Euler equation forward to elimi-
nate the unstable root 1/(S\) (as in Sargent, 1978) and substituting the
j-step-ahead expected target cej A/p + v gives:

o0

r=Ar_1+ A > (BN (0€} ATp + 7).
Clor

Summing the matrix geometric series (which converges because |ﬁ)\)\;4\ <

1 for all eigenvalues A\ of A):

r=Xr_1+fp+(1—-N)y, £ =0-N(1—-pB\Noe\(I—prA),
(2.A.7)
where the prefactor uses the identity Ax/¢¥ = (1 — A)(1 — SA). For k =1,
(I-BAA)™ = (1-BAp) ™! and £ = (1-N)éo with € = (1—BA)/(1—-BAp),

recovering (2.6).

Attenuation and correction under AR(k). The static regression
ry = a + Gp; + up omits xy—1 and the lagged prices pi_1,...,Pi—k+1,
inducing omitted variable bias. Let -, = Cov(z, p¢) and I'p := Var(py).
Expanding v, from the DGP (2.A.7) and using stationarity to relate

Cov(x¢—1,pt) = A7, yields the cross-covariance system:
v, = (I —AA)'Tpf.

Since 6 = €7,/ Var(p;), substituting the expression for f gives the

attenuation ratio:

ST

= (1-N)(1-BN)e) (I-NA) 'Ry (I-B A tey i= ¢(), B, A), (2.A.8)

where Ry, :=TI'p/ Var(p;) is the autocorrelation matrix of p;, determined

by A via the Yule-Walker equations. The correction is:

o= 5160\ B, A
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For k = 1, both resolvents are scalars: (1 — AA)~! = (1 — \p)~!, (1 —

BAA)TH = (1-BAp)"! and Rp = 1,50 ¢ = (1= A)(1=BA)/[(1-Ap)(1-
BAp)], recovering (2.12).

Appendix 2.B Cross-Sectional Identification

2.B.1 Micro-Foundation: Endogenous Prices from Market

Power

This appendix provides the micro-foundation for the endogenous price
equation used in Section 2.4 and develops the econometric identification
argument for IV estimation of long-run elasticities in panel settings.

Suppose each input j € {1, 2} is supplied to the firm along an upward-
sloping schedule:

— pO W
P = Pjy - X3

7,it> Wy > 07

where Pﬁt is the exogenous component of input j’s price and wj is the
inverse supply elasticity. The parameter w; = 0 corresponds to competi-
tive input markets (price-taking); w; > 0 means the firm has monopsony
power, pushing up the price as it buys more. (w; < 0 corresponds to
quantity discounts.)

The firm’s total expenditure on input j is E; = PJQX Jl "9 The relevant

price for optimization is the marginal expenditure (shadow price):

OF;

e = (14w)P)X;” = (14 w;)P;.

wj =

The CES first-order condition equates the marginal rate of technical

substitution to the ratio of shadow prices. In the notation of Section 2.2.1:

v = o [P +log T S| =™

Syt 14w
olo
1+w Y g

1—1—(.02,

where p?™ = log(Py,;/P,;) is the observed (average) price ratio. The

slope on the observed price ratio is still o: market power shifts the
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intercept but preserves the structural elasticity.

In logs, the observed price ratio is pg’bs = pg +wilog X1 ; —wolog Xo ;.
Define s; = %(log X1 +log Xo;) as the log scale of input use. Since
log X1 = s; —x;/2 and log Xo; = s; + x;/2:

w1 + wa

w1 log Xl,z' — W2 log X2,7j = (wl — WQ)Si — 5 Z;.

With a := w; — wy (differential market power) and w = (w1 + ws)/2

(average market power):

o> = p? + as; — wa. (2.B.1)
Under monopsony (w1, ws > 0), w > 0: a firm with a high input ratio x;
uses relatively more X5, pushing up P» and lowering the relative price p;.
Under quantity discounts, w < 0: the feedback is reversed. Under constant
returns to scale, the optimal input ratio * depends only on relative prices,
not on output level; scale s; is therefore independent of the structural
equation’s error, providing a source of exogenous price variation through

the as; channel.
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Chapter 3

Financial frictions and

aggregate risk exposure
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Boppart, Kieran Larkin, Yimei Zou, Kurt Mitman, and other participants of the IIES
Macro Group, as well as the Yale Macro Breakfast.
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3.1 Introduction

Recent supply chain disruptions have prompted calls for preemptive
industrial policy: government intervention before shocks occur to reduce
exposure to economic risk. This paper studies the question in a model
with two key features. If the government has limited ability to react
after a shock, it can only try to shape the composition of production
preemptively by redistributing resources toward less-exposed technologies
before adverse events occur. But if the government cannot commit to
a redistribution rule before firms choose their technology, firms antici-
pate the government’s response to their choices and adjust accordingly,
potentially undoing the very benefits the policy was meant to achieve.
The core question this paper asks is whether such intervention improves
welfare when the government lacks commitment power.

Supply chain vulnerabilities have become a central concern for pol-
icymakers. China’s 2010 restrictions on rare earth exports to Japan
demonstrated how supply dominance can be weaponized: the restrictions
were unexpected, targeted goods for which substitution was difficult,
and caused significant disruption (Gholz & Hughes, 2021; Morrison &
Tang, 2012). China restricted graphite exports in 2023 in response to U.S.
semiconductor controls, another episode of politically motivated supply
chain disruption.! Energy dependence creates similar vulnerabilities: the
1973-74 oil crisis precipitated a major recession in the U.S. (Alpanda
& Peralta-Alva, 2010), while Russia’s 2022 gas cutoff to Europe led to
output contractions in energy-intensive industries (Moll et al., 2023).
Considerable fractions of world crude oil and natural gas production can
not pass the Straight of Hormuz as I write this paper, the impacts of
which are still unfolding.? These episodes can be characterized by their
disruption severity: the extent to which affected firms lose access to their

inputs. Most episodes involve a partial disruption, a price spike or cost

!The Economist, “Why China is restricting exports of graphite” (2023).
2The Economist, “The third Gulf war will scar energy markets for a long time yet”
(2026).
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increase that reduces but does not eliminate productivity. A complete
supply cutoff is the extreme case. The model predicts that the policy
implications differ sharply across this spectrum, and the results suggest
that the extreme scenario of near-complete supply cutoff is the only case
in which preemptive intervention improves welfare.

I study this question in a model in which entrepreneurs choose between
a safe technology with stable productivity and a risky technology with
higher expected productivity but exposure to adverse shocks. The only
friction is a collateral constraint that limits firms’ ability to borrow
capital relative to their assets, capturing the limited ex post adjustment
documented in empirical episodes. A planner redistributes assets across
technology types before production occurs, relaxing borrowing constraints
for some firms at the cost of tightening them for others. Crucially, the
planner lacks commitment power: it chooses redistribution after observing
the composition of technology choices, and agents anticipate this when
making their decisions.

The model maps directly to the empirical episodes. The risky tech-
nology’s productivity in the bad state parameterizes disruption severity.
A moderate productivity loss captures partial disruptions such as the
rare earth and graphite restrictions: productivity falls, but production
continues. A near-total productivity collapse captures near-complete
supply cutoff, as faced by energy-intensive industries during Russia’s
2022 gas cutoff. The results characterize welfare outcomes across this
spectrum.

The analysis yields three main results. First, I characterize three
regimes based on how borrowing constraints bind across technology
types. When constraints are slack, redistribution cannot affect output.
When they bind broadly, redistribution involves a trade-off: relaxing one
type’s constraint tightens another’s. The paper focuses on this trade-off
regime, the relevant case in which the planner faces a genuine reallocation
problem.

Second, comparing no-commitment intervention to laissez-faire—

which is unique and constrained efficient—the welfare effect decomposes
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into two opposing forces: (i) a redistribution gain from optimally
reallocating assets holding technology composition fixed, and (ii) a
distortion cost from the shift in technology composition induced by
anticipated redistribution. The distortion arises because agents respond
to anticipated redistribution through two channels: higher expected
profits from relaxed constraints (the profit channel) and a direct wealth
transfer (the wealth channel). The planner internalizes only the first
when choosing redistribution. This wedge causes agents to overshoot:
they shift toward the favored technology beyond what is socially optimal,
and the resulting shift may be welfare-reducing.

Third, numerical analysis across a wide parameter grid establishes the
main quantitative finding: the distortion cost exceeds the redistribution
gain for the majority of empirically relevant parameterizations. The
exception arises only near complete supply cutoff: only when the risky
technology can produce almost nothing does intervention marginally
improve welfare.

Mapping back to the empirical episodes, the policy implication is
sobering. For partial disruptions (equivalent to moderate price spikes) the
distortion cost dominates, and a government lacking commitment is better
off not intervening. Only for near-complete supply cutoff (substantial
price spikes), an extreme and empirically rare scenario, does intervention
improve welfare. The conclusion is not that redistribution is always
harmful, but that a government without the ability to commit to a
redistribution rule before agents choose their technology will typically
do more harm than good.

The remainder of the paper proceeds as follows. Section 3.2 presents
the model environment, including the technology choice problem, collat-
eral constraints, and the planner’s redistribution instrument. Section 3.3
characterizes the constraint regimes, derives the welfare decomposition,
and presents the numerical comparison of laissez-faire to no-commitment

intervention. Section 3.4 discusses policy implications and extensions.
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Literature A growing literature studies supply chain disruptions
and their consequences. Baldwin and Freeman (2022) propose a
risk-versus-reward framework for evaluating policy interventions. Barrot
and Sauvagnat (2016) document empirically that idiosyncratic shocks
propagate through production networks, with propagation amplified by
input specificity, or the degree of ex post substitutability. Whether supply
chains are generally efficiently structured remains debated: Kopytov
et al. (2024) find that equilibrium networks balance productivity against
reliability efficiently, whereas Capponi et al. (2024) argue that market
power leads to underinvestment in resilience. Grossman et al. (2023)
study the optimal policy for diversification versus “reshoring”. My
contribution to this literature is to study technology choice under supply
risk when financial frictions limit ex post adjustment and when the
government lacks commitment.

Geopolitical tensions have renewed attention to deliberate supply
disruptions. Gholz and Hughes (2021) document Japan’s adjustment to
China’s 2010 rare earth restrictions through stockpiling and substitution,
emphasizing that geopolitical leverage is strongest when restrictions are
unexpected. Morrison and Tang (2012) analyze the impacts on the U.S.
of the same episode. Energy dependence offers related examples: Alpanda
and Peralta-Alva (2010) and Wei (2003) show that capital obsolescence
after the 1973-74 oil crisis explains much of the decline in U.S. firm
valuations. Moll et al. (2023) analyze Germany’s output contraction
following Russia’s 2022 gas shock. The model in this paper is designed
to speak to the severity dimension that distinguishes these episodes.

The core mechanism in my model, collateral constraints limiting
firms’ ability to scale production, builds on Moll (2014), who shows that
such frictions generate substantial aggregate productivity losses through
misallocation. Midrigan and Xu (2014) find that financial frictions distort
technology adoption in particular. Guntin and Kochen (2024) provide a
closely related parameterization of the borrowing constraint.

A key result is that the government’s redistribution policy is time

inconsistent: without commitment power, the planner cannot credibly
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promise ex ante what it will do ex post. Chari and Kehoe (2016) show
that benevolent governments without commitment introduce inefficiencies
through bailouts; my no-commitment equilibrium exhibits the same logic
applied to preemptive industrial policy. Traiberman and Rotemberg
(2023) study precautionary trade policy when adjustment is slow; my
paper shares the feature that intervention is only effective ex ante, once
technology choices are sunk. The novel finding is that even this ex ante

effectiveness is undone by the anticipation problem.

3.2 Model

3.2.1 Setup

Agents choose between two production technologies before observing the
state of the economy. The safe technology delivers a stable productivity;
the risky technology has higher expected productivity but is exposed to
an aggregate bad-state shock. Producers borrow capital against their
assets, subject to a collateral constraint that limits ex post adjustment.
After the state realizes, capital is allocated and goods are produced.
A planner can intervene preemptively by redistributing assets across

technology types but cannot react to the state itself.

Environment The model features a static economy, populated by
a unit mass of consumer-entrepreneur agents. They are endowed with
assets a > 0.

The economy faces aggregate uncertainty. The state of the economy
S can be low or high, S € {/,h}. With probability 6 € (0,1) it is low,
and with probability 1 — @ it is high.

There are two stages: First, a decision stage, in which agents choose
a production technology, and second the production and consumption
stage. The aggregate state realizes between the decisions in the first stage,

and production and consumption in the second stage.

128



Preferences Agents have linear utility over consumption ¢ > 0, u(c) =

c. They either consume their endowment a directly, or become producers.

Technology They produce the output good using capital k > 0, with
a decreasing returns to scale production function. Output y is produced

according to
y=fk,2) =27k, (3.1)

with returns to scale parameter 0 < a < 1 and productivity z. The
value of z depends on the chosen technology T and the state of the
economy S. Agents have access to two production technologies T, call
them safe (T' = d) and risky (7" = v). The safe technology delivers a
constant productivity, while the risky technology has a high productivity
in the good state and a low productivity in the bad state.?> Formally,
the realizations of z depending on an agent’s technology choice T and

aggregate state S are

Zd ifT:d,
2(8,T) =<2, ifT=vandS=h, (3:2)
zg ifT =vand S =/,

with zp, > zg > z¢ > 0.
Agents borrow production capital k against their assets a, subject to

the collateral constraint
k < Aa, (3.3)

with A > 1 describing the tightness of the collateral constraint.

3Appendix 3.A.1 provides a micro-foundation for this productivity process based
on intermediate inputs as a complementary input to capital. The productivity term z
then depends on the elasticity of substitution, and the price of the intermediate input,
which is stochastic for the risky technology and constant for the safe technology. The
“risky” technology corresponds to supply chains exposed to input price volatility (e.g.,
imported materials), while the “safe” technology uses inputs with stable prices.
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Markets There are two markets: for the output good and for capital.
The price of the output good is the numéraire and normalized to 1. The
price of capital, the interest rate r, is determined in equilibrium.

The timing of the model is as follows:

1. A unit mass of agents with asset endowment a populates the

economy.

2. Agents choose whether to produce, and a production technology
T € {d,v}.

3. The aggregate state S realizes, and agents observe it.

4. Agents trade their assets on the capital market, subject to the collat-
eral constraint, and produce output using their chosen technology.

They trade the output good, and consume.

Equilibrium I consider a rational expectations equilibrium. An equilib-
rium consists of state-contingent interest rates, r*(.S) for S € {¢, h}, state-
and technology-contingent capital choices, k*(S,T), an entry decision,
e* € {0, 1}, and a technology choice, T* € {d, v}, such that:

» Given the interest rates 7*(.5), the production decision e*, and the
technology choice T*, agents maximize their expected utility by
choosing capital £*(S,T') in each state S and for each technology
T.

e The markets for capital and the output good clear in each state S.

o The production decision e* and technology choice T* are optimal
given the expected payoffs from production, and given the choices

of other agents.

Given the ex ante homogeneity of agents, the equilibrium can be charac-
terized by one variable: the share of agents choosing the safe technology,

denoted by gq.
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3.2.2 The agents’ problem

Agents maximize their expected utility of consumption. If they do not
produce, they consume their initial endowment a. If they produce, they
choose a technology T', and generate profits from production. They will
then consume their initial endowment plus the profits from production.

To describe the agents’ problem, start from the second stage. The
agent has chosen a technology T', the aggregate state S has realized, and
the agent observes ¢, the share of agents that use the safe technology.

Consumption is given by
c=m+(1+r)a, (3.4)

where 7 are the profits from production, and (1 4 r)a is the gross return
on the agent’s assets. Maximizing utility is equivalent to maximizing
profits from production, given by

7(r,z,a) = max 2 "“k* —rk, s.t. k< \a. (3.5)
k>0

The optimal capital choice as a function of r, z, and a is then

k*(r, z,a) = min {/\a; z (i) lia} . (3.6)

If the optimal scale is below the collateral constraint, the agent operates
at the first-best scale. If it is above, the agent is constrained and chooses
the maximum capital allowed by the collateral constraint.

The agent’s expected utility from entering and choosing technology
T in the first stage is then

U(T,q,a) =E[r(r(S,q),2(5,T),a) + (1 +r(S,q))a], (3.7)

where the expectation is taken over the aggregate state S. They will
choose the technology that maximizes their expected utility from pro-

duction, and enter if this expected utility exceeds their outside option of

131



not producing, which is a:

T" = arg TI&%?%} u(r), (3.8)

. {1 if U(T*) > Ela(1 + (5, q))],

0 otherwise.

Profits are weakly positive, so entry is always optimal.

3.2.3 Decentralized equilibrium

Walras’ law holds. The goods market clears if the capital market clears,

and I will solve for the equilibrium through the capital market.

Capital market

An equilibrium is characterized by the share of agents choosing the safe
technology, ¢q. Given ¢, the state-contingent interest rates (S, ¢) must
clear the capital market in each state S. The capital market clearing

condition in state S is given by
a = qk*(r(S,q),2(S,d),a) + (1 — q)k*(r(S, q), 2(S,v), a), (3.10)

total assets a = ga + (1 — ¢)a = a must equal the total demand for
capital from both types of agents. There are three cases for the interest
rate: (i) both types are unconstrained, (ii) the safe technology type is
constrained and the risky unconstrained, and (iii) the risky technology
type is constrained and the safe unconstrained. Note that both types
can not be constrained at the same time: that would imply both types
want to borrow more than their assets, which is incompatible with the
market clearing condition.

I derive the equilibrium interest rates for each case by substituting

the optimal capital choices into the market clearing condition.
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(i) Both types unconstrained:

a

1-a
r(8,0) = o (DL 00

(ii) Safe type constrained, risky unconstrained:

(s (5.
T(57Q) _a< (1(1_(])\) ) frs qz(S,d)—l—(l—q)z(S,q))

(iii) Risky type constrained, safe unconstrained:

_ qz(S,d) e
“&”‘“(wl—u—m»>
if
) < z(S,v)

— (1=q)2(S,v) +¢2(5,d)

Note that in the unconstrained case, the price of capital is a function of
the population-weighted average productivity. In the constrained cases,
the interest rate depends on the productivity only of the unconstrained
type and the assets available to them (after subtracting the capital
borrowed by the constrained type). The agents of the unconstrained type
are the marginal borrowers, so their marginal product determines the
interest rate.

For the interest rate to be well-defined in both constrained cases, we
must have 1 — g\ > 0 and 1 — (1 — ¢)\ > 0 respectively. These conditions
will always hold: they are implied by the respectively conditions on
A above. Consider the case of safe type being constrained, and risky
unconstrained: The interest rate is well-defined if g\ < 1, and we are in

this case if A < PR d)i(g’ii)q)z( Sy But the latter condition implies the
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former, since

) < 2(S,d)
o qZ(S, d) + (1 - Q)Z(Sav)
— g\ < 42(5,d) <1 Vge(0,1),

qz(S,d) + (1 = q)z(5,v)

and symmetrically for the other case. So the interest rates are well-defined

in all cases of the constraints binding.

Definition 3.1 (Feasibility set). Call F = (1 —1/X,1/)\) the feasibility
set. The conditions g\ < 1 and (1—q)\ < 1, derived above, are equivalent
toqe F.

Remark 3.1 (Feasibility requires A\ < 2). The solution being in F is
not an additional restriction imposed on the model. It is an arithmetic
consequence of three features already present: a fized aggregate capital
endowment a, a collateral constraint that pins one type’s capital at Aa,
and the requirement that the other type’s residual capital allocation be non-
negative. Violating the bounds of F makes the allocation arithmetically
infeasible. The width of F is 1/\— (1 —1/X) = 2/X — 1, which is positive
if and only if X < 2. For \ > 2 the feasibility set is empty: no q € (0,1)
allows both types to coexist with at most one constrained. The model
therefore implicitly requires X € (1,2) for an interior equilibrium with

mized technology adoption to exist.

Technology choice

Given the homogeneity of agents, the equilibrium condition for technology
choice is an indifference condition: the expected utility of consumption

of both technologies must be equal in equilibrium,
U(d,q",a) =U(v,q", a). (3.11)

Corner solutions with all agents choosing one technology can also arise,

depending on parameters. They follow when one technology strictly
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dominates the other in expected utility.

3.2.4 Industrial policy

A planner can engage in industrial policy, modeled as direct taxes and
subsidies on the asset holdings conditional on an entrepreneur’s technol-
ogy choice. This is a reduced-form modeling device, which can represent
for example taxes and subsidies to entry costs conditional on the tech-
nology choice. Importantly, I impose that the planner can not react to
the aggregate state, but must set its policy ex ante. This is preemp-
tive industrial policy in the sense that the planner aims to influence
the composition of the economy in expectation of a shock, while facing
constraints in the speed and ability to react ex post.

Formally, the planner chooses technology-contingent taxes or subsidies
7(T) for T € {d,v}, which change the agents’ asset holdings to

a(T) = a(1 + (7)), (3.12)

depending on the chosen technology. The planner is subject to a balanced
budget,

gr(d) + (1 = g)7(v) = 0, (3.13)
where ¢ is the share of agents choosing the safe technology.
The timing with the planner is as follows:

1. The planner chooses a schedule of technology-contingent taxes or
subsidies, 7(T'; q) for T' € {d, v}, depending on the share of agents

choosing the safe technology ¢ (to ensure the budget constraint).

2. Agents observe the tax schedule, and choose whether to produce
and which technology to use, taking into account the modified asset
holdings a(T).

3. The planner implements the policy, conditional on the agents’

technology choices described by gq.
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4. The aggregate state S realizes, and agents observe it.

5. Agents trade their assets on the capital market, subject to the collat-
eral constraint, and produce output using their chosen technology.

They trade the output good, and consume.

Industrial policy has potential implications for the collateral con-
straint, and thus the capital market. For the analysis it is useful to define
the share of total assets held by the safe technology type, denoted by w:

qa(d) qa(1+7(d))

w= =

qga(d) + (1 - qg)a(v)  qa(l+7(d)) + (1 - g)a(l +7(v))’

Imposing the balanced budget in equation (3.13), and simplifying yields
w=q(1+7(d)). (3.14)

The share of wealth held by the safe technology type equals its population
share, adjusted by the subsidy or tax on assets. Note that conditional
on ¢, if the balanced budget holds, w is a sufficient statistic for both
taxes 7(d) and 7(v). For the subsequent analysis, I will thus work with
w as the policy instrument, from which the taxes can be recovered.
Industrial policy acts to redistribute assets across types of agents, which
directly affects their borrowing capacity: since the collateral constraint
is k < Aa(T), a higher wealth share w relaxes the constraint for the safe

type while tightening it for the risky type.

Welfare

Welfare is given by the population-weighted expected utility of consump-

tion,
W(g,w) =E[qU(d, g,a(d)) + (1 — ¢)U (v, q,a(v))]. (3.15)

Given that interest payments on assets stay within the economy, and

given the linear utility, welfare simplifies to expected total production
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(and thus consumption). First, define production output of an agent with
technology T in state S, and in an environment with share ¢ of safe

agents holding share w of total assets as
y*(T,8,q,w) = f (k*(r(S,q),2(5,T),a(T)), 2(S,T)).
Then, welfare is given by
W(g,w) =E[qy*(d, S, ¢, w) + (1 = q)y* (v, 5, ¢, w)] + a.

Since a is constant, welfare maximization is equivalent to maximizing

expected total production Y:
Y(g,w) = Elqy*(d, S, ¢, w) + (1 — q)y* (v, S, q,w)] . (3.16)

Capital market after redistribution

The capital market clearing condition is the same as before, except for
the modified asset holdings:

a = qk*(r(S,q),2(5,d),a(d)) + (1 — q)k*(r(S, q), 2(S, v), a(v)).

There are again three cases for the interest rate: (i) both types are
unconstrained, (ii) the safe technology type is constrained and the risky
unconstrained, and (iii) the risky technology type is constrained and
the safe unconstrained, as in the baseline model without policy. The
equilibrium interest rates for each case are derived by substituting the

optimal capital choices into the market clearing condition.

(i) Both types unconstrained: The interest rate is the same as in the

baseline model.

(ii) Safe type constrained, risky unconstrained:

7(S,q) = o (W)l_a
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if

g

z(S,d)
I [y e oy

(iii) Risky type constrained, safe unconstrained:

e S0

if
1—w < z(S,v)
l—q — (1 - Q)Z(S7U) + qz(S, d)

In cases (ii) and (iii), the interest rate again depends on the productivity
only of the unconstrained type and the assets available to them after
redistribution. Note that from equation (3.14), w/q = 1+ 7(d) represents
the asset holdings of a safe technology type, and thus Aw/q represents
their borrowing capacity after redistribution.

For the interest rate to be well-defined in both constrained cases, we
must have 1 — wA > 0 and 1 — (1 — w)A > 0 respectively. As in the case
without redistribution in section 3.2.3, these conditions are implied by
the conditions for being in the respective case. Consider the case of the

safe type being constrained, and risky unconstrained: The interest rate is
2(S,d)
qZ(S,d)‘F(l*q)Z(S,?)) ’

well-defined if wA < 1, and we are in this case if )\% <

But the latter condition implies the former, since

ZYoo z(8,d)
q ~ qz(5,d) + (1 —q)z(S,v)
— wh < 42(5,d) <1 Vqe(0,1),

qz(S,d) + (1 = q)z(5,v)

and symmetrically for the other case. So the interest rates are well-defined

in all cases of the constraints binding.

Remark 3.2 (Feasibility of redistribution). The same arithmetic ap-
plies to the wealth share w. The conditions w\ < 1 and (1 —w)\ < 1
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derived above are equivalent to w € F (Definition 3.1). The planner’s
instrument is therefore bounded by the same feasibility set as the equilib-
rium technology share: w € F. Consequently, the planner optimizes over
(g, w) € F x F. This constraint is arithmetic; no tax schedule can push

w outside F while keeping the capital market well-defined.

Planner problem

The planner problem is then

T(%T((v)qU(d’ ¢,a(d)) + (1 —q)U(v,q,a(v))

st qr(d)+ (1 —¢)7(v) 20
U(d,q,a(d)) = U(v, g, a(v)),

where the last constraint is the equilibrium condition for technology
choice. Through the redistribution of assets between technologies, the
planner necessarily also influences the utility levels of each type through
the available assets. The planner’s problem above is subject to a time-
inconsistency: the tension at the core of the analysis. Through the
redistribution of assets it necessarily also affects agents’ technology
choice, because agents anticipate the policy when they choose. The next
section characterizes four regimes (constrained first-best, commitment,
no-commitment, and laissez-faire) and asks whether this anticipation

effect is large enough to undo the direct welfare benefit of redistribution.

3.3 Results

Does a government without commitment power improve welfare by
redistributing assets across technology types, or does the anticipation
of redistribution distort technology choice enough to undo the benefit?
To answer this question, I decompose the welfare difference between
no-commitment intervention and laissez-faire into a redistribution gain

and distortion cost from agents’ anticipatory technology-choice response.
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The main result is that the distortion cost typically dominates the
redistribution gain by a wide margin: across the empirically relevant
parameter space, laissez-faire dominates no-commitment intervention in
approximately 93% of parameterizations, with a median distortion-to-
gain ratio of approximately four.

I first define the comparison objects: four policy regimes ranked by
the planner’s degree of control (Section 3.3.1). I then decompose and sign
AY (Section 3.3.2), characterize magnitudes numerically (Section 3.3.3),

and discuss exceptions and interpretation (Section 3.3.4).

3.3.1 Policy regimes and welfare ranking

I define four policy regimes as a descending hierarchy of planner power.
Each regime adds a constraint on the planner relative to the previous

one. The welfare ranking follows immediately from this nesting.

Planner’s objective

The planner redistributes assets across types to maximize expected
output. As shown in Section 3.2.4, with linear utility welfare equals
expected output plus initial assets; since assets are constant, maximizing

output is equivalent to maximizing welfare. The planner’s objective is
Y(g,w) =Elqy(d, S, q,w) + (1 = q)y* (v, 5, ¢, w)] . (3.17)

Whether redistribution affects output depends on whether the
collateral constraints bind. Three configurations arise: (i) both types
unconstrained—redistribution has no effect on output; (ii) one type
constrained in one state, and redistribution can fully alleviate the
constraint; (iii) both types constrained (safe in state ¢, risky in
state h, following from the productivity ordering zy < zg < zp), and
redistribution relaxes one type’s constraint but tightens the other’s.
Across the numerical grid, almost all interior laissez-faire equilibria are

in configuration (ii): only the safe type’s constraint binds at w = ¢. Once
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the planner redistributes optimally, however, 20.7% of these cases enter
configuration (iii), while the remaining cases either lift all constraints
(62.2%) or stay in configuration (ii) (17.2%). The analysis focuses on
configuration (iii) because it is the binding case in which the planner
faces a genuine trade-off: any redistribution relaxes one type’s constraint
and tightens the other’s.

The marginal product of assets is zero for unconstrained types and

strictly positive for constrained types:

oy* 0 if unconstrained,

da aX¥zlagae=1 if constrained.

In configuration (iii), redistributing assets toward the safe type (increasing
w) relaxes the safe type’s constraint in state £ but tightens the risky type’s
constraint in state h, and vice versa. The planner cannot simultaneously

relax both constraints.

Constrained first-best

The strongest benchmark is the constrained first-best (CFB): a planner
that is subject only to the borrowing constraint but can freely choose both
g and w. The planner solves maxg., Y (¢, w). The first-order conditions

are

8Y_E oyy a0y a

- v = 1
ow Oag X qg Oa, % 1—g¢q 0, (3.18)
Y
e = (1= QE [y~ 5] =0, (3.19)

where a4 = wa/q and a, = (1 —w)a/(1 — q) are post-redistribution asset
holdings. The FOC for w equalizes expected marginal products of assets
across types. The FOC for ¢ equalizes expected per-agent output across

technologies.? These conditions show what the planner would equalize

4The formula 9Y/9q = (1 — a)E[y} — y3] holds in all constraint configurations; see
Lemma 3.2 in the appendix.
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if unconstrained in its choice of both instruments. Each subsequent
regime shows what happens when one of these equalization conditions is

disrupted.

Commitment

Under commitment, the planner announces a redistribution rule w before
agents choose technology. Agents best-respond with ¢*(w), the technology
share that restores indifference given the announced redistribution. The

planner solves

VY = max Y (¢*(w), w)
w
s.t. U(d, ¢"(w), a(d, w)) = U(v,¢"(w), a(v,w)).
Relative to the CFB, the planner loses direct control over technology
composition: it must work through agents’ incentive-compatible response.

This is a hypothetical policy for comparison only; the planner has no

commitment power in the model.

No-commitment equilibrium

Given the timing of policy, the planner chooses w after agents have

chosen their technology. The ex post redistribution problem is
w*(q) = arg max Y(q,w). (3.20)

The FOC is identical to (3.18), but now ¢ is taken as given.
Without commitment, agents anticipate the planner’s optimal redis-
tribution w*(q) when choosing technology. The no-commitment (NC)

equilibrium is characterized by:
U(d, ¢, a(d, w*(¢¥9)) = U(v,q", a(v,w*(¢"))). (3.21)

Agents are indifferent given the anticipated redistribution.’ Relative to

SIn all specifications considered numerically, the NC equilibrium is unique: the

142



commitment, the planner loses the ability to bind its future actions:

agents’ technology choice internalizes the anticipated redistribution.
The time inconsistency arises because agents care about both profits

and wealth, while the planner maximizes only output. Redistribution

affects utility through:

1. Profit channel: relaxing/tightening borrowing constraints changes

expected profits.

2. Wealth channel: the direct asset transfer changes expected gross

return on wealth.

The planner values only the first channel; agents value both. This di-
vergence distorts technology choice away from the constrained-efficient
level.

Laissez-faire

Under laissez-faire (no redistribution, w = ¢q), agents choose technology
to maximize expected utility. Due to ex ante homogeneity of agents, the

equilibrium is characterized by indifference:
U(d,q*,a) = U(v,¢"F ), (3.22)

where U(T, q,a) = E[n(T, S,q,a) + (1 + (S, q))al.

Proposition 3.1 (Unique equilibrium). There ezxists a unique decentral-

ized equilibrium ¢t € [0, 1].

The proof shows that the utility differential U(d, q,a) — U(v, q,a) is
strictly monotonic in ¢ (appendix 3.B.1).

Proposition 3.2 (Constrained efficiency). The laissez-faire technology

share ¢~ is constrained efficient: it maximizes Y (q,q) subject to w = q.

indifference function is strictly monotone-decreasing throughout the feasible domain
in every case examined.
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This result establishes that laissez-faire achieves the best outcome
among policies that maintain w = ¢ (no redistribution). It does not
imply that ¢“f" is optimal when the planner can redistribute: a different
q paired with optimal w*(¢q) may yield higher welfare. The proof is in
appendix 3.B.1.

Welfare ranking

The nesting of feasible sets across the four regimes immediately yields a

welfare ranking. Define:

YCFB

= maxg, Y (¢, w): Constrained first-best.

¢ VY =max, Y(¢*(w),w) s.t. indifference: Commitment.
o YNC =Y (¢NC w*(gNY)): No-commitment equilibrium.
o YIF =Y (¢"F, ¢"): Laissez-faire.

Proposition 3.3 (Welfare ranking).
VOB > yC > max{yNC yLF}, (3.23)

Proof. The ranking Y¢B > YC holds because CFB optimizes over
(¢, w) jointly, while commitment optimizes over w subject to agents’ best
response ¢*(w). Under CFB, the planner could replicate the commitment
outcome, so CFB weakly improves on it.

The ranking Y¢ > YF holds because the commitment planner can
replicate laissez-faire by setting w = ¢*(w), which induces g r.

The ranking Y¢ > YNC holds because the commitment planner can
replicate the no-commitment outcome. The NC equilibrium is character-

NCY and indifference at ¢N¢. The commitment planner

NC’)

ized by w = w*(q
can achieve this by committing to w = w*(q , which induces the same
¢V¢. Since commitment allows choosing any w, it weakly improves on

this outcome. O
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The key ambiguity is the comparison between YN and YF': does
intervention without commitment improve or worsen welfare relative to

laissez-faire? This is the central question of the following section.

3.3.2 Welfare decomposition

I decompose the welfare difference AY = YN¢ — YIF into two op-
posing forces, pin down their signs, and characterize their magnitudes

numerically.

Decomposition

Definition 3.2 (Risky output dominance). Risky output dominance
holds at an allocation (q,w) if the risky technology yields weakly higher
expected output per agent than the safe technology at that allocation,

Ely;(S)] = Elyz(5)],

where the expectation is over the aggregate state S and yX(S) denotes the

equilibrium output per agent of type T € {d,v} at (q,w).

Proposition 3.4 (Welfare decomposition). Suppose q“F s interior in
F, risky output dominance (Definition 3.2) holds at (¢"F', w*(¢"¥)), and
w*(q"F) # q"F'. Then the welfare difference decomposes as AY = R+ D,

where:

w*(¢"")) =Y (q"", ¢"") > 0, (3.24)
w*(gV) = Y (" w*(¢")) < 0.

The redistribution gain R measures the benefit of optimal redistribution
holding technology composition fized. The distortion cost D measures
the welfare change due to the shift in equilibrium technology composition

induced by anticipated redistribution.

Proof. The decomposition follows by adding and subtracting
Y (g"F, w*(¢"F)). R > 0 because w*(q) maximises Y (g,-) by defi-
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nition, so Y (¢, w*) > Y(q,q). D < 0 is established heuristically in
Section 3.3.2 for the empirically relevant case w*(¢*') > ¢"*'; the formal
proof is in appendix 3.B.4. 0

The redistribution gain is strictly positive (R > 0) whenever collateral
constraints bind, because redistribution can relax binding constraints
and raise output. R = 0 only when no constraints bind and redistribution

has no effect on output.

Overshooting

The distortion cost arises because agents respond to anticipated re-
distribution by shifting their technology choice in the direction of the
redistribution. At laissez-faire, w = ¢ and agents are indifferent between
technologies: ®(¢", ¢“*") = 0, where ®(q,w) = Uy(q, w) — U,(q, w) de-
notes the utility differential. The planner’s redistribution shifts w away

from ¢q; agents respond through two channels:

1. Profit channel: redistribution relaxes the favored type’s borrowing

constraint, raising its expected profits.

2. Wealth channel: the direct asset transfer raises the favored type’s

expected gross return on wealth.

The planner’s redistribution decision accounts only for the profit channel
(which determines output), but agents value both. The utility differential
is strictly monotone in w (0®/0w > 0), so any redistribution away
from w = ¢ breaks indifference in the direction of the favored type.’
Agents shift technology choice until indifference is restored at a new ¢N¢
displaced from ¢~ in the same direction. The following lemma formalizes

this displacement.

Lemma 3.1 (Overshooting). The no-commitment equilibrium technology
composition is distorted in the direction of the planner’s redistribution:
(N — ¢*F) and (w*(¢"F) — ¢*F) have the same sign.

5The monotonicity of ® in w can not be shown analytically, but is verified numeri-
cally across the parameter grid.
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The formal proof is in appendix 3.B.4.
At the planner’s optimum w*, the aggregate output gain from further

redistribution is zero (9Y/0w| ., = 0), but agents still perceive a strictly

positive gain (0®/0w| . > 0): the per-capita weighting in the utility
differential prevents cancellation of profit effects, and the wealth channel
adds a positive term with no counterpart in 9Y/0w. Any output-optimal

redistribution therefore necessarily distorts technology choice.

Distortion cost

Does the overshoot reduce welfare? It does, under risky output dominance
(Definition 3.2). Define V' (q) := Y (¢, w*(q)), welfare along the planner’s
best response. Risky output dominance implies V' (qLF ) < 0: marginally
raising q from the laissez-faire level lowers welfare along V', because the
planner is already optimizing w for any given ¢, and the residual effect on
output runs through the technology mix alone. In the empirically relevant
case where the planner redistributes toward the safe type, w*(qLF ) >
¢"F and overshooting implies ¢V¢ > ¢“"—moving ¢ in exactly the
welfare-reducing direction. This holds whenever the safe type is the only
constrained type, which is the generic pattern in the parameterization of
Section 3.3.3.

Y (q,w) is jointly concave in (g, w) on the feasibility set (appendix,
Theorem 3.1); by the partial-maximum theorem, V is concave. By
the envelope theorem, V’'(¢q) = 9Y/dq|
tion (appendix, Lemma 3.2) gives 0Y/0q = (1 — o)E[y; — y5], so
V'(¢g"") < 0 whenever risky output dominance (Definition 3.2) holds at
(g™, w*(¢"")).

Risky output dominance holds because the risky technology carries a

_ . The output factoriza-
w=w

productivity premium (z, > z4) that is not overcome by the constraint-
induced disadvantage at moderate leverage. This condition is not proved
in closed form; it is verified numerically across ~22,000 interior parame-
terizations spanning the empirically relevant parameter range (6 < 0.20,
A € [1.20,1.95]). Near the feasibility boundary ¢ — 1/, risky output
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dominance fails and D > 0; Section 3.3.3 characterizes this exception.
Since V is concave and V'(¢"¥") < 0, V is non-increasing on [¢"*", 00).
Combined with overshooting (¢V¢ > ¢F), this gives D = V(¢V¢) —

V(¢"*) < 0. The formal proof is in appendix 3.B.4.

Magnitude comparison. The analysis establishes R > 0 and D < 0,
so AY > 0 if and only if R > |D|. The analytical framework pins down
the structure of the welfare comparison; the magnitude comparison is

characterized numerically.

3.3.3 Numerical characterization

Parameterization. I use a mean-preserving spread parameterization
for the risky technology’s productivity. Let z, denote the mean produc-

tivity and s > 0 the spread parameter, so that:

2 = Zy + s, (3.25)
20 =2y — (1 = 0)s.

This preserves E[z,| = 2, for any s. The baseline parameters are a = 0.6
(corresponding to a demand elasticity of 1/(1—«) = 2.5 when interpreting
the decreasing returns as arising from a monopolistic competition demand
system), 6 = 0.05, zq = 1, z, = 1.07, a = 1. The baseline lies in constraint
configuration (iii) (safe type constrained in state ¢, risky type constrained
in state h). The assumption Zz, > z4 ensures a productivity premium
for the risky technology. The feasibility set F (Definition 3.1) requires
A < 2; the analysis covers A € [1.20,1.95]. In a related model, Guntin
and Kochen (2024) calibrate A ~ 1.7 for U.S. firms, while Moll (2014)

uses A = 1.2 for India.

Grid. Table 3.1 summarises the parameter grid. Of the 30 x 25 x 4 x
4 x 3 = 36,000 main-grid combinations, 14,062 yield interior parame-
terizations (at least one collateral constraint binds at the laissez-faire

allocation). Together with an additional boundary-focused oversample
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concentrated near the feasibility boundary (¢™" — 1/)\), the combined
verification set contains 22,396 interior parameterizations.
Table 3.1: Parameter grid for the numerical welfare analysis. “Interior” excludes

parameterizations in which no collateral constraint binds at the laissez-faire
allocation (configuration (i)), for which R = D = AY = 0 trivially.

Parameter Description Grid Values / range

A Leverage limit Fine (30 pts) [1.20,1.95]

s Spread Fine (25 pts) [0.10, $max (8, Z)]®

6 Disaster probability Discrete (4 pts) {0.02,0.05,0.10,0.20}
e Output elasticity Discrete (4 pts) {0.4,0.5,0.6,0.7}

Zv Mean risky productivity Discrete (3 pts) {1.03,1.07,1.15}

Smax (0, Zv) = (Z» — 0.005)/(1 — ), the largest spread consistent with z, > 0.

Results. Of the 22,396 interior parameterizations, 92.87% have AY <
0: laissez-faire dominates. At the median parameterization, the distortion
cost | D| exceeds the redistribution gain R by a factor of approximately
four (median R/|D| = 0.258).

Figure 3.1 shows the welfare decomposition as a function of A at
baseline (s = 1.121, z; = 0.005, 2z, = 1.126). It plots R, D, and AY =
R+ D: D < 0 throughout, and AY < 0 for A below approximately
1.83. Near the upper feasibility boundary the redistribution gain R and
distortion cost |D| converge, and AY turns slightly positive. Risky output
dominance holds across this range (V'(¢%*") < 0, verified numerically),
confirming that D < 0 follows from the concavity and overshooting
arguments.

Figure 3.2 maps AY/|Y'¥| (in percent) across the (), s) parameter
space at fixed # = 0.05. Red shading indicates AY < 0 (laissez-faire
dominates). The white region at high A and low s is configuration (i),
where no collateral constraint binds and redistribution is inert (AY =0
exactly). The exception (AY > 0) appears only at high s (zy &~ 0), where
risky output dominance fails and D turns positive.

Figure 3.3 shows the decomposition as a function of 8 at A = 1.40

(interior) and A = 1.65 (near exception). At baseline spread s = 1.121,
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Figure 3.1: Welfare decomposition as a function of A for baseline parameters
(6 = 0.05, z, = 1.07, s = 1.121). Redistribution gain R > 0 (blue dashed),
distortion cost D < 0 (red dotted), and net welfare difference AY = R+ D
(black solid), scaled by 103.
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Figure 3.2: Welfare difference AY/|YL¥| (in percent) over the (), s) parameter
space (6 = 0.05, z, = 1.07). Red shading: AY < 0 (laissez-faire dominates). The
white region at high X\ and low s is configuration (i), where no collateral constraint
binds and redistribution has no effect (AY = 0 exactly). The exception (AY > 0)
is concentrated at high s, where z;, ~ 0 and risky output dominance fails.
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the exception does not appear as 6 varies: AY < 0 throughout. For
A = 1.65, AY approaches zero from below as 6 increases and equals zero
at high 6, where the collateral constraint is slack and the NC equilibrium
coincides with laissez-faire. This confirms that the boundary exception
(AY > 0) requires severe downside risk (high s, so zp ~ 0); varying 6 at

baseline spread is insufficient to trigger it.
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Figure 3.3: Welfare decomposition as a function of 6 for baseline s = 1.121
and z, = 1.07. AY < 0 throughout: the boundary exception (AY > 0) does not
appear at baseline spread. For A = 1.65, AY reaches zero at high § where the
collateral constraint is slack and the NC equilibrium coincides with laissez-faire.

Exceptions. The small share of interior parameterizations with AY >

0 arise through two distinct mechanisms.

Boundary exception. Consider the limiting case z; — 0 (equiv-
alently, s — z,/(1 — 6)). As the low-state productivity of the risky
technology vanishes, risky output y;(¢) — 0 while safe output y};(¢)
remains bounded. Agents flee to safety, pushing ¢“ to the upper fea-
sibility boundary 1/A. At this corner, the interior first-order condition
for constrained efficiency becomes a strict KKT inequality: more safe
production would be beneficial, but the collateral constraint prevents

it. Risky output dominance fails (V'(¢%f) > 0), so the arguments of
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Section 3.3.2 do not apply. The planner has no room to redistribute
(w* =~ ¢" ~ 1 /A, so R — 0), but the no-commitment overshoot—agents
anticipating redistribution choose more safety—accidentally pushes ¢’V¢

in the welfare-improving direction, yielding D > 0 and AY > 0.

Regime-switching exception (undershooting). When the safe-
type collateral constraint is barely binding at the LF equilibrium (w*(¢™¥")
lies only marginally above ¢“"), the planner’s best response lifts the con-
straint entirely, shifting the capital market from the partially constrained
configuration into the unconstrained regime. In the unconstrained regime
both types face the same interest rate, so expected utility differentials
are governed by productivities alone. Since z, > z4 by assumption, the
risky sector has the higher expected productivity and E[y;] > E[y}]:
agents prefer the risky technology. The NC equilibrium therefore settles
at ¢V¢ < ¢"F (undershooting). Although unintuitive, this is welfare-
improving: since V/(¢*') < 0 the LF equilibrium has too many safe agents
relative to the constrained optimum, and the undershooting corrects
rather than amplifies that distortion, giving D = V(¢"V¢) — V(¢F) > 0.

The incidence of undershooting is monotone in two primitives. It rises
with the probability of the bad state #: a higher § amplifies the low-state
interest-rate feedback and expands the region in which the constraint
is barely binding at the LF allocation, so that a small redistribution
suffices to shift regimes. It also rises with mean risky productivity z,: a
higher z, strengthens the productivity advantage the risky sector enjoys
once the constraint is lifted, amplifying agents’ migration away from the
safe technology. Both conditions are required: without a barely-binding
constraint the regime shift does not occur; without a sufficiently high z,
the productivity differential in the unconstrained regime is too small to

reverse agents’ technology choice.
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3.3.4 Interpretation

The generic result and its magnitude. Across the empirically
relevant parameter range, laissez-faire dominates no-commitment inter-
vention. The distortion cost is not marginal: it exceeds the redistribution
gain by approximately four-fold at the median parameterization. The
overshooting mechanism is systematic. Any output-improving redistri-
bution triggers a technology-composition response whose welfare cost
exceeds the redistribution gain, and it operates in all three constraint
configurations where redistribution is non-trivial. The overall welfare
losses are meaningful but not large: Figure 3.2 shows that the relative

welfare loss is almost always smaller than 1%.

Which primitives drive the result. Laissez-faire dominance is
strongest at low A (tight constraints), moderate s (interior spread),
and low 6 (rare disasters). In this region the wealth channel is large
relative to the profit channel: tight constraints amplify the direct asset-
transfer effect on agents’ utility, while the output-improving effect of
redistribution is limited by the planner’s inability to simultaneously relax

both types’ constraints.

What the exceptions reveal. The boundary exception (z; ~ 0)
shows that when the economy is jammed against the feasibility boundary,
intervention helps because there is little room for the distortion to operate
(R =~ 0, and the overshoot accidentally goes in the welfare-improving
direction). The undershooting exception shows that when the constraint
is barely binding, a small redistribution can lift it entirely, and the
resulting regime switch reverses agents’ technology response. Both are
edge cases, but they sharpen the characterization of when intervention

helps: precisely when the standard overshooting mechanism is disrupted.

153



3.4 Discussion and Conclusion

In this paper, I study technology choice under uncertainty, where agents
face a trade-off between a safe low-return technology and a risky high-
return technology. I embed this into a setting with a limitation to the ex
post adjustment of production factors in the form of a financial friction, or
collateral constraint. The limitation creates an opportunity for industrial
policy in the form of an ex ante tax or subsidy on assets, conditional on
agents’ technology choices. This redistribution of assets between types
of agents allows the planner to influence the allocation of capital across
technologies, potentially alleviating borrowing constraints and improving
overall welfare. Anticipated industrial policy changes agents’ incentives
though, and I show that in general, this time-inconsistency problem and
lack of commitment leads to lower welfare than in the laissez-faire case.
Numerical analysis shows that the no-commitment policy dominates
laissez-faire only for a narrow range of parameters, in particular when
the risky technology has almost zero productivity in the bad state of the
world.

The time-inconsistency problem arises since the planner wants to
change two margins (the distribution of entrepreneurs over technologies,
and the distribution of assets across types), but has only one policy
instrument. An additional instrument, like ex post redistribution of
consumption could alleviate the problem. Such policy may be infeasible
though, since the planner is indifferent to such a policy ex post. Any
positive cost of the policy would lead to no redistribution ex post, and
thus no commitment power ex ante.

The paper presents a sobering result, in that for relevant parameter
values, and under the relevant assumption of no-commitment, industrial
policy may reduce welfare compared to laissez-faire. The planner has
no commitment power both in engaging in redistribution, but also in
refraining from it.

In a rules-based setting, the simple rule of “Do not intervene” would

be optimal for the planner.
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Mapping to real-world cases. The model maps to different real-
world episodes of supply disruption. China’s 2010 rare earth restrictions
caused price spikes but not complete supply cutoff: Japan and other
importers faced higher costs but continued production, corresponding
to moderate zy in the model. The 2022 Russian gas cutoff to Europe
represents a more severe case: while not a complete cessation (some gas
continued to flow through alternative routes), energy-intensive indus-
tries faced dramatic cost increases, corresponding to lower z,. Recent
graphite export restrictions by China similarly raise costs for battery
manufacturers without eliminating supply entirely.

The numerical result that no-commitment intervention dominates
laissez-faire only when z; ~ 0 has a sharp interpretation: government
redistribution improves welfare only when disruptions approach complete
supply cutoff. For the more common case of price increases or partial
restrictions, the distortion from anticipated intervention outweighs the
direct efficiency gain. This suggests that preemptive industrial policy is
most justified for inputs where complete cutoff is a realistic threat—but
these are precisely the cases where governments may lack commitment

power, as the political pressure to intervene would be overwhelming.

Extensions. The model presented above is static, and a dynamic
extension is natural. Two main aspects would be interesting to explore.
First, asset accumulation over time might exacerbate the downside of
the bad state realizing: if risky-type agents accumulated assets in good
states, the safe type may be even more constrained in bad states. Second,
repeated interactions between the planner and agents may allow for more
sophisticated policy designs that can mitigate the time-inconsistency

problem. This is left to future work.
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Appendices

Appendix 3.A Model
3.A.1 Micro-foundation: Materials prices and productivity

This section provides a micro-foundation for the reduced-form productiv-
ity process in the main text, showing that variation in materials prices

maps into variation in effective productivity.

3.A.1.1 Setup

Consider a production function that is CES in capital £ and materials

m:

oa—1 z

y=flkm)= (k" +m" )77, (3.A.1)

where o € (0,1) is the elasticity of substitution. The restriction o < 1
means capital and materials are complements—a natural assumption for
many production processes where materials are essential inputs.

3.A.1.2 Optimal materials choice

Suppose the firm takes the price of materials b as given (with output
price normalized to p = 1) and chooses materials to maximize profits for

given capital k:
max y — bm.
m

The first-order condition yields m* = (1/b)%y. Substituting into the
production function gives the reduced-form output as a function of

capital alone:
y=z(b)k, where 2(b)=(1-b"77)"". (3.A.2)

We restrict attention to b € (0,1) (which is equivalent to positive profits)
so that z(b) is well-defined.
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3.A.1.3 Application to the model

Consider two technologies:

« Safe technology: Materials always available at price b, giving

constant productivity zq = z(b).

o Risky technology: Materials price varies with the aggregate state.
In state h, materials are cheap (b" < b), giving high productivity
zn = 2(b") > z4. In state £, materials are expensive (b* > b), giving

low productivity z, = z(b") < 2g4.

This maps directly to the productivity process in the main text: the
“risky” technology corresponds to supply chains exposed to price volatility
(e.g., imported materials subject to trade disruptions), while the “safe”

technology corresponds to stable domestic supply.

Remark on functional form. The reduced-form production function
(3.A.2) is linear in capital, while the main text uses y = z'~*k® with
decreasing returns. The micro-foundation establishes the key economic
mechanism of materials price variability translating into productivity
variability. The decreasing returns specification in the main text can be

interpreted as arising from monopolistic competition with CES demand.
Appendix 3.B Proofs and Derivations

3.B.1 Proofs for decentralized equilibrium

Proposition 3.1 (Unique equilibrium). There ezxists a unique decentral-

ized equilibrium q*F" € [0,1].

Proof. If the solution is a corner, it is necessarily unique. Consider the
interior case. Define F'(q) = U(d, q,a) — U(v, q,a). By the intermediate
value theorem, there exists a unique root ¢“* € (0,1) if F is strictly

monotonic.
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Since gross returns to assets are equal for both types:
F(Q) =E [71'(7‘(57 q)7 Z(Sa d)7 CL) - 7T(T(Sv Q)7 2(57 U)a a)] .
Taking the derivative:

F/(Q) =E (—k‘*(T(S, q),Z(S, d)’a) + k*(T(Sv Q)7Z(S7v)7a)) -

87“(;;, q)] .

Using the implicit function theorem on the capital market clearing

condition:

r i ]
° ggq’q) = ) ki@ [ 52 + (1 - 052 ]

Since i’;—? < 0 and at least one type is unconstrained (else no mar-
ket clearing), the denominator is strictly negative. Thus, signg—z =
(—1) sign[k}; — k).

Then:

Flq) =E [(k; ) gﬂ <0,

since both factors always have opposite sign. This proves strict mono-

tonicity and uniqueness. O

Proposition 3.2 (Constrained efficiency). The laissez-faire technology

share q"F' is constrained efficient: it mazimizes Y (q,q) subject to w = q.

Proof. On the diagonal w = ¢, capital-market clearing ¢k;+(1—¢q)k} = a
and zero redistribution give qU(d,q,a) + (1 — q)U(v,q,a) = Y(q,q) + a,
so stationary points of Y (g, q) coincide with those of the agent-welfare
objective qU(d,q,a) + (1 — ¢)U(v,q,a). The FOC of the latter is

oU(d, q,a)
dq

oU (v,q, a)

0= U(dv q, (Z) - U(Uv q, CL) +4q (9q

+(1-q)

This equals the decentralized condition if the last two terms sum to zero.
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Computing:

oUu(T,q,a) * or(S,q)
aq =E (_k (T(S,q),Z(S,T),CL)+(I) aq
Then:
oU(d, q,a) ~ \9U(v,q,a)
5y +(1—9q) 34
N N or
=E (*qkd*(1*Q)kU+a)§q = 0.

=0 by market clearing

By Theorem 3.1, Y(q,q) is concave in ¢, so the stationary point is a

global maximum. O

3.B.2 Unconstrained benchmark and CFB comparison

Unconstrained benchmark. Without the financial friction (A — o0),
the planner solves max, E[(qzq4 + (1 — q)2(5,v))}~%]. The objective is
globally concave. The interior solution is

2

uc __
q"c = ot o) . (3.B.1)

zg=z¢ 9 % _
Zh (zhfzd 170) 24

CFB comparison.
Proposition 3.5 (CFB versus unconstrained benchmark).

1. In configuration (ii) (redistribution can fully alleviate constraints),
qC’FB — quc'

2. In configuration (iii) (both types constrained), ¢°F'B # ¢"¢ generi-
cally, with g8 > qu¢ if and only if wCFP < ¢CFB (redistribution

toward the risky type).

Proof. Part 1. In configuration (ii), there exists w* such that no constraint
binds. At this w*, the CFB first-order condition for g reduces to E[y}; —
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yr] = 0, because the marginal output with respect to assets is zero for
both types in all states. When no constraints bind, per-agent output is
v = 2(8,T) "% /(qza + (1 — q)2(S,v))%, and the FOC is equivalent to
the unconstrained benchmark FOC.

Part 2. In configuration (iii), w*(q) keeps at least one constraint
binding for every feasible q. When a type is constrained, its per-agent
output ¥ = 2(S,T)17*(Aar)® depends on w through dq = wa/q and
ay = (1 —w)a/(1 — q). The expected output gap E[yj — y;] is therefore
strictly monotone in w, so the constrained gap evaluated along w*(q)
differs from the unconstrained gap. Since the unconstrained benchmark
satisfies Ely}¢ — yi] = 0 at ¢"¢, and the constrained gap at ¢“¢ is
generically nonzero, ¢¢F'B # que.

CFB  ¢CFB the safe type holds fewer per-

For the direction: if w
capita assets than the risky type, shifting E[y} — y;] downward relative
to equal per-capita assets (w = ¢). Since the output gap is also strictly
decreasing in ¢, the zero of the constrained gap lies above ¢“¢, giving

q“TB > ¢¥c. The converse follows symmetrically. O

3.B.3 Concavity of the welfare function

Theorem 3.1 (Joint concavity of Y'). Y (g, w) is jointly concave in (q,w)
on the feasibility set F.

Proof. Since Y = (1 —60)Y}, + 0Y} is a non-negative linear combination of
state-level outputs, it suffices to show each Yg is jointly concave in (g, w),
as concavity is preserved under non-negative linear combinations. The
proof proceeds case by case over the constraint configurations. In each case
we compute the Hessian Hg of Yg in (¢, w) and verify that it is negative
semi-definite, which for symmetric 2 x 2 matrices reduces to checking
that both diagonal entries are non-positive and that det(Hg) > 0.

Case 1: Both types unconstrained. Yg = Zéfa with zg = qzq +
(1 — q)zy,s, which is independent of w. The Hessian is therefore Hg =

diag(—a(1 — @)Zg* (24 — 2u,5)?, 0), which is negative semi-definite.
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Case 2: Safe type (d) constrained, risky type (v) unconstrained. Capi-
tal allocations are kg = Aw/q and k, = (1 — Aw)/(1 — q) (with a = 1),

giving
Yo = 25 *(Ow)¢" ™ + 2L (1 — Aw)*(1 — ¢)' 7.

It is convenient to abbreviate the per-type output flows by

Aw\* 1— Adw\*
* _ Jd—af MY * _ -«
Ya =4 <q>’ Yo Z”’S(l—q)’

so that Ys = qy; + (1 — q)y;.
We compute the three independent second-order partial derivatives.

The two diagonal terms are

%Yy vio s

&*Ys Sy q | ys(l—q)

IS _ a1 - v .
ow? a(l —a)A [()\w)2 * (1- )\w)Q} <0

For the cross-partial, write Ag = z; *(Aw)® and A4, = 2} &*(1 — \w)?,
so that Yg = Agq' ™ + A,(1 — ¢)}~* and

0Ys

o~ (- a) a ™~ 41— ).

Differentiating with respect to w acts only on Az and A,,, with 0A,/0w =
arzy *(Aw)*~ ! and 0A, /0w = —a)\zi:go‘(l — Aw)*~ 1 yielding

0?Ys
Jqow

=a(l—a)A [zclfa()\w)"‘_lq_“ + zifsa(l —Aw)* (1 — q)—a} ‘
Recognizing z;~*(Aw)* !¢~ = yj/(Aw) and 2, §* (1-dw)* ! (1-q)~* =
yr /(1 — Aw), this simplifies to

0?Ys
0qow

Ya Yo
o a))\[)\w+1—)\w]>o
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The cross-partial is strictly positive, so the Hessian is not diagonal and
the sign of det(Hg) is not immediately obvious.
Factoring the common scalar [a(1 — a))]? out of the determinant

yields

det(Hg) = [a(l — a)\]?x
* * * *(1 _ * x 72
{{yqd et v (yl(—lAwq)l} - }

The bracketed expression has the form |u|?|v|? — (u - v)? for a suitable

choice of vectors. Specifically, define

o (B ) (S )
Vi V1—=q)’ 2w T 1= )w '

A direct calculation gives

qg 1-¢
e yia | ys(1—4q)

T w2 (1- w2’

_Va VYV VY VYT dya  u
u-v= . + . =Jd 4 v
Va4 Aw V1—gq 1—dw Aw 1= w

so the bracketed expression equals exactly |u|?|v|? — (u-v)2. The Cauchy—
Schwarz inequality |u|?|v|? > (u - v)? therefore gives det(Hg) > 0, and
combined with the strictly negative diagonal entries, Hg is negative
semi-definite.

Case 3: Risky type (v) constrained, safe type (d) unconstrained. The
substitution w = 1 — w, § = 1 — ¢ maps this case to Case 2 with types
swapped. The Hessian determinant has the same form with Aw replaced
by A(1 — w), so det(Hg) > 0 by the same argument.

Cross-configuration boundaries. At points where the binding con-
straint changes, Y may be non-differentiable. Since each piece is jointly

concave on its convex domain, the overall function Y is jointly concave on
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JF. This is verified numerically across 6,400 parameter combinations span-

ning a, A, s, and 0: all evaluated Hessians are negative semi-definite. [

3.B.4 Proof of the distortion cost sign

Lemma 3.2 (Formula F). For (¢, w) in the interior of F X F and any

constraint configuration in state S,

o = (- WEslH(S) ().
Proof. We differentiate Ys(q, w) case by case and take expectations; in
each constraint configuration Yg has a closed form in (¢, w) from which
the derivative follows by the chain rule.

Case 1: Both types unconstrained. Capital market clearing pins down
a common interest rate 7, so k% = zp(a/r)/(1=%) and market clearing
Yo qrky =1 gives k} = 2rp/Zg with Zg = gzq4 + (1 — q)2y,5. Hence y} =
27(1/25)* and Ys = zg *. Differentiating, 0Ys/0q = (1 — a)z5*(zq4 —
zo,5) = (L= a)(yg — u3)-

Case 2: Type c € {d,v} constrained, type u # ¢ unconstrained. Case 2
of Theorem 3.1 (Case 3 obtained by the substitution w <> 1—w, ¢ <> 1—¢q)

gives

dYs

O — (1 o) — A1)

with Ag = 227 *Aw@) if ¢ = d and Ag = 2571 — M) if ¢ = v,
and analogously for A, (and w@ = w, w®) = 1 — w). Recognizing
Agq~* =y} and Ay(1 — q)™* =y yields 0Ys/0q = (1 — a)(y} — u)-

Taking expectations over S in Cases 1 and 2 gives the result. O

Lemma 3.1 (Overshooting). The no-commitment equilibrium technology
composition is distorted in the direction of the planner’s redistribution:
<qNC _ qLF) LF) _ qLF)

and (w*(q have the same sign.

Proof. Define the utility differential ®(q,w) := Uy(q,w) — Uy(q,w). In

laissez-faire, no redistribution occurs (w = ¢), so the equilibrium con-
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dition is ®(¢*",¢*") = 0. In the no-commitment equilibrium, the
planner redistributes optimally given ¢, so the equilibrium condition
is ®(¢", w*(¢V9)) = 0.

The utility differential is strictly increasing in the safe-type wealth
share: 0®/0w > 0. This follows from the wealth channel: a higher w
relaxes the collateral constraint of safe-type agents and tightens that
of risky-type agents, raising their respective investment levels a4 and
lowering a,, which increases Uy relative to U,,.

Combined with 9®/0w > 0 and ®(¢*F, ¢*F) = 0:

sign(®(¢"", w*(¢""))) = sign(w*(¢"") — ¢"7).

That is, at ¢ = ¢ under the planner’s redistribution, the technology
favored by the redistribution is strictly preferred whenever w*(¢"") #
LF
g
By uniqueness of the laissez-faire equilibrium, ®(-, w*(+)) is strictly
decreasing in q. If ®(¢""", w*(¢"*)) > 0 (planner redistributes toward
safe), there exists a unique ¢V > ¢ satisfying ®(¢V¢, w*(¢V%)) = 0.
If ®(¢"", w*(¢"F)) < 0 (planner redistributes toward risky), there exists
NC _ qLF) LF) o qLF)

have the same sign. d

a unique ¢V < ¢“F. In both cases, (g and (w*(q

Proposition 3.4 (Welfare decomposition). Suppose ¢t is interior in
F, risky output dominance (Definition 3.2) holds at (¢"',w*(¢*F)), and
w*(q"F) # q"F'. Then the welfare difference decomposes as AY = R+ D,

where:
R=Y(¢",w (¢"") =Y (¢"",¢"") > 0, (3.24)
D = Y(qNC,’LU*(qNC)) o Y(qLF,w*(qLF)) <0.
The redistribution gain R measures the benefit of optimal redistribution
holding technology composition fized. The distortion cost D measures

the welfare change due to the shift in equilibrium technology composition

induced by anticipated redistribution.
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Proof of Proposition 3.4: D < 0. By the envelope theorem, V'(q) =

8Y/8q’w:w*(q)7
0Y/0q = (1 — )E[y;(S) — y5(S5)] at any fixed w, so

since w*(¢) maximizes Y(g,-). Lemma 3.2 gives

V/(¢"F) = (1 - )E[y3(S) — 53(S)]| :

(¢"F w*(g"F))

This expression is non-positive if and only if E[y;(S)] > E[y;(S)] at
(a"", w*(q""))

no-commitment equilibrium satisfies ¢

.7 This is risky output dominance (Definition 3.2). The

NC > ¢MF (Lemma 3.1). Since

V'(¢") < 0 and V is concave (by the partial-maximum theorem applied

LF
)

to Theorem 3.1), V is non-increasing on [¢™", 00), so

D=V -V(¢") <o
O

3.B.5 Equilibrium allocations over the (), s) parameter space

Figure 3.B.1 maps the equilibrium technology shares ¢“%', ¢ and the

NC across the same (), s) grid as figure 3.2,

L

no-commitment wealth share w

together with the overshoot gap ¢V¢ —¢*" and the redistribution margin

wNC — gNC.

Three features stand out. First, the laissez-faire share ¢“f varies
considerably across the parameter space: it is low at low s and high
A, where the risky technology dominates, and rises steeply toward the
feasibility ceiling 1/\ as s increases and z; — 0 drives agents toward
safety. Second, the no-commitment share ¢ is much more uniform
across most of the parameter space and only rises to match ¢ near

N

Smax. Third, the redistribution margin wN¢ — ¢V¢ is everywhere small

(order 1073), confirming that the planner barely deviates from w = ¢ at
the NC equilibrium.

The near-equality wV¢ ~ ¢N¢ is a consequence of incentive

"This condition holds throughout the empirically relevant parameter range (6 < 0.1,
A € [1.25,1.90]), verified numerically across ~40,000 interior parameterizations.
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Appendix Figure 3.B.1: Equilibrium allocations over the (), s) parameter
space (6 = 0.05, z, = 1.07). Panels (a)—(c): technology shares ¢, ¢V¢, and

wealth share w¥® all on a common [0, 1] color scale. Panel (d): overshoot gap
gNC — gLF
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compatibility. The no-commitment equilibrium requires indifference:
® (N wNC) = 0, where ® = Uy — U,. Since 0®/0w > 0 (the wealth
channel, more assets for the safe type make the safe technology strictly
more attractive), any redistribution w > ¢ must be offset by a higher
q to restore indifference. The planner wants to set w > ¢ to relax
the collateral constraint, but agents respond by shifting into the safe
technology until the utility differential is eliminated. Every unit of
redistribution is absorbed by the technology-choice response, and the
equilibrium slides up along the approximate locus w ~ ¢ to a higher
NC oy gNC s, gLF.

substantially more safe technology, but negligible effective redistribution.

(¢, w) pair. The result is that the planner achieves w

This is the core of the time-inconsistency problem: the planner’s
instrument (w) and agents’ choice (q) are tied together by incentive
compatibility. The redistribution gain R that the planner could achieve
at the laissez-faire technology share ¢~ is large, but at the actual NC
equilibrium the redistribution margin has collapsed to near zero. The
overshoot gap ¢’V¢ — ¢%¥" is the technology distortion required to absorb
the anticipated redistribution back into incentive compatibility.

These allocations also imply that the overshoot gap opens primarily
because ¢"“f moves, not because ¢V¢ moves. As s rises, ¢“f climbs
toward 1/ while ¢V C remains nearly flat. The anticipated redistribution
insulates the NC equilibrium from the productivity shift, since agents
who expect the planner to reallocate wealth toward the safe type find
the safe technology attractive even when zy is relatively high. The gap

therefore grows monotonically until both shares converge near spmax.

3.B.6 Non-monotonicity of AY in s

The welfare loss |AY| vanishes at both endpoints of s, for different
reasons, producing the interior peak in Figure 3.2. At s = 0, the safe and
risky technologies deliver identical state-contingent productivity, so all
values of ¢ yield the same welfare and |AY| = 0 trivially. At s = Smax,
zp — 0 pins ¢“F against the feasibility ceiling 1/), and ¢V, bounded
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above by the same ceiling, is forced to converge to it; the overshoot gap
closes and |AY| collapses with it.

The decomposition makes both forces explicit. By concavity of V'
(Theorem 3.1, applied via the partial-maximum theorem) and ¢"V¢ > ¢=F
in the relevant region (Lemma 3.1), a first-order expansion around ¢**

gives
AY | ~ [V (¢"F)| - (¢VC — ¢"F).

The slope |V'(¢""")| vanishes as s — 0, where the productivity wedge
collapses and all technology choices are equivalent. The gap ¢V¢ — ¢&F
vanishes as s — spmax, where the feasibility ceiling binds. Both factors
are strictly positive at intermediate s, and the product peaks where their
joint contribution is largest. The mechanism behind the turnaround is the
ceiling: it converts what would otherwise be a monotonically widening

welfare loss into a function with an interior maximum.
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Sammanfattning

Substitution mellan insatsvaror &r en central del av produktionsteorin.
John Hicks (i The Theory of Wages, 1932) och Joan Robinson (i The
Economics of Imperfect Competition, 1933) introducerade substitution-
selasticiteten for att beskriva i vilken utstrdckning en insatsvara kan
ersitta en annan vid produktion av en given produkt. Begreppet ar en
egenskap hos tekniken: det visar hur en ekonomi eller ett féretag kommer
att reagera pa fordandringar i de relativa kostnaderna for sina insatsvaror.
Néstan ett sekel senare star samma parameter i centrum for en av var tids
storsta utmaningar: 6vergangen till en ekonomi som &ar mindre beroende
av koldioxid. Framgéangen for en 6vergéng bort fran fossila brianslen beror
pa om el fran fornybara kéllor kan ersatta dem i produktionen.

Substitutionen sker dock inte omedelbart. Utrustningen har lang
livslangd, leveranskedjorna ar etablerade och teknikvalen ar lasta. Det
finns en klyfta mellan den reaktion som kan observeras pa kort sikt och
den som ar mojlig pa lang sikt, och storleken pa denna klyfta ar viktig av
tva skal. Hur vi méter elasticiteten beror pa tidshorisonten for de data
som finns tillgéngliga. Och hur en omstéllning utvecklas—dess kostnad
och hastighet—Dberor inte bara pa det langsiktiga véardet utan ocksa pa
hur snabbt ekonomin kan réra sig mot den. Nar substitution pa kort sikt
ar svar, skiftar fragan fran hur mycket ekonomin kan omorganisera sig
till vad politiken kan gora medan den inte kan det.

Denna avhandling bestar av tre fristaende kapitel, som vart och ett
behandlar en aspekt av denna uppséttning fragor. Kapitel 1 understker

hur stor substitutionsresponsen ar mellan fossila bréanslen och el inom
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den tyska tillverkningsindustrin. Kapitel 2 underséker om langsiktiga
elasticiteter kan hérledas fran kortvariga variationer nir anpassning
ar kostsam. Kapitel 3 underscker om forebyggande politik kan ersitta
omfdrdelning efter en chock nér sadan omfordelning &r omojlig.

I det forsta kapitlet, Can the plants turn green?, studerar jag elek-
trifieringspotentialen inom den tyska tillverkningssektorn. Det centrala
resultatet ar en elasticitet for substitution mellan fossila branslen och
el pa 5 inom en enskild fabrik, vilket ar betydligt storre &n befintliga
skattningar pa mikroniva pa omkring 1,5.

Med hjélp av mikrodata pa anldggningsniva fran den tyska tillverkn-
ingsstatistiken visar jag att fossila brénslen och el reagerar olika pa
fordndringar i produktionsvolymen. Nar efterfragechocker anvinds som
instrumentvariabler fér produktionsfordndingar, anpassas elanvindningen
néstan tre ganger sa mycket som anviandningen av fossila brénslen, och
anviandningen av fossila brianslen uppvisar betydligt hégre bestdndighet
over tid. Denna asymmetri stimmer inte overens med standardanta-
gandet om ett statiskt val av energiinput, men stimmer 6verens med
forekomsten av anpassningsfriktioner som &r specifika for anvidndningen
av fossila branslen.

Jag utvecklar en strukturell produktionsfunktionsmodell med an-
passningskostnader for anvindningen av fossila branslen for att studera
implikationerna av detta resultat. I en sddan modell &r kanoniska skat-
tningar av substitutionselasticiteten underskattade: for lokala chocker
och korta tidshorisonter &ar en lag elasticitet och en anpassningskostnad
observationellt likartade. Den strukturella modellen infér ytterligare
momentrestriktioner pa insatsernas tidsseriebeteende, vilket mojliggor
separat identifiering av elasticiteten och friktionen. Strukturell skattning
ger en elasticitet inom anlédggningen pa 5.

Jag illustrerar konsekvenserna fér klimatpolitiken med hjélp av Tysk-
lands sektorsvisa utslappsmal. En minskning av anvindningen av fossila
branslen med 40% kan uppnas med en skatt pa 11% pa priserna pa
fossila branslen, vilket orsakar en produktionsminskning pa 7%. Med den

ldgre elasticiteten enligt befintliga skattningar kréver samma minskning
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en skatt pa 23% och medfoér en produktionsminskning pa 14%.

Slutligen dokumenterar jag en, i tvirsnittet, stor heterogenitet i
energimixen mellan anlaggningar, dven inom snévt definierade produkt-
grupper. Denna heterogenitet innebér en ytterligare omfattande anpass-
ningsmarginal genom omférdelning mellan anlaggningar, vilket forstarker
den intensiva marginalen inom anlidggningarna. Elasticiteten inom anlag-
gningarna pa b ar sdledes en nedre gréns for den aggregerade potentialen
fér substitution.

Upptéckten att anpassningsfriktioner i anvindningen av fossila
bréanslen leder till en underskattning av elasticiteten med kanoniska
metoder vécker en allmén metodologisk fraga. Anpassningsfriktioner
ar inte unika for energi: den empiriska litteraturen dokumenterar
elasticitetsuppskattningar som okar med identifieringens tidshorisont
i manga sammanhang, vilket stdmmer O6verens med forekomsten av
anpassningsfriktioner. Kortsiktiga skattningar som erhalls med kanoniska
metoder kan darfor systematiskt underskatta motsvarande langsiktiga
elasticiteter i manga tillaimpningar.

I det andra kapitlet, Long-run elasticities from short-run varia-
tion, bygger jag vidare pa denna punkt och utvecklar ett linjart skat-
tningsramverk for att harleda den langsiktiga substitutionselasticiteten
mellan insatsvaror fran kortsiktiga variationer i insatsanvéndningen, nar
valet av insatsvaror ar foremal for anpassningskostnader.

Ett vanligt fynd i den empiriska litteraturen ar att elasticitetsskat-
tningarna Okar med tidshorisonten for prisférdndringen, och att det
finns en skillnad mellan kort- och langsiktig elasticitet. Bada virdena
ar relevanta for politiken: den kortsiktiga elasticiteten styr Overgan-
gens hastighet, medan det langsiktiga virdet beskriver dess slutpunkt.
Den kortsiktiga elasticiteten ar lattare att uppskatta, eftersom exogena
6vergdende prisvariationer dr lattare att fa tillgang till &n exogena och
bestaende variationer.

Jag visar att i vissa fall ger den kortsiktiga dynamiken i insatsanvind-
ningen dnda information om den langsiktiga elasticiteten, och att forhal-

landet mellan de tva kan uttryckas i en korrigeringsfaktor som kan ut-
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tryckas i sluten form. For att hérleda detta resultat modellerar jag valet av
insatsférhallandet som féremal for en kvadratisk anpassningskostnad. Un-
der en andra ordningens approximation av en CES-produktionsfunktion
ar kortfristig elasticitet produkten av en ddmpningsfaktor och langfristig
elasticitet. Den centrala insikten ar att insatsforhallandets persistens ar
en tillrdcklig statistik for anpassningsfriktionen, vilket mojliggoér sepa-
rat identifiering av elasticiteten och friktionen. Dampningsfaktorn har
ett slutligt uttryck i tre parametrar: insatsféorhallandets persistens, det
relativa prisets persistens och diskonteringsfaktorn. De tva forsta kan
estimeras fran data; den tredje kan kalibreras till standardviarden. Nar
anpassningskostnader forekommer dr langsiktig elasticitet ndgot storre
dn kortsiktig elasticitet.

Jag visar att den kanoniska inomestimatorn i paneldata riktar in sig
pa kortsiktig elasticitet. Den kanoniska langsiktiga estimatorn, mellanes-
timatorn, kan vara inkonsekvent om inte prisnivan ar strikt exogen mellan
enheterna. Korrigeringsmetoden &ar komplementér: den riktar in sig pa
samma langsiktiga parameter under en annan uppsittning antaganden,
och forlitar sig pa exogenitet i fordndringar snarare &n prisnivaer, men
lagger storre struktur pa aktérernas beteende.

Jag tillimpar metoden pa substitution av mellanprodukter inom
den indiska tillverkningsindustrin, med hjéilp av data fran Peter och
Ruane (2025). De uppskattar en kortsiktig elasticitet pa cirka 0,5 och
en langsiktig elasticitet pa cirka 2,5 &ver sju ar, med den indiska han-
delsliberaliseringen som ett naturligt experiment. Min korrigeringsfaktor
innebér en langsiktig elasticitet som &r 1,75 ganger den kortsiktiga upp-
skattningen, vilket 4r mindre &n deras direkt uppskattade kvot pa cirka
5. Mojliga orsaker till avvikelsen &r bland annat olika identifieringsanta-
ganden, modellstruktur och den tidshorisont ¢ver vilken langsiktigheten
definieras.

De tva forsta kapitlen underséker hur anpassningsfriktioner ddmpar
ekonomins kortsiktiga respons pa chocker, och vad detta innebar for
matning och politik. De underséker hur stor responsen pa en chock

ar, och finner att den &r storre &n vad kanoniska skattningar antyder.
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En kompletterande fraga uppstar néir reaktionen ar kraftigt begransad:
kan politiska ingripanden kompensera for detta? Om det &r svart att
omfordela produktionen efter en chock kan en regering forsoka forma
dess sammanséttning innan negativa hédndelser intraffar, snarare an
att framkalla en omférdelning i efterhand. Men sadana férebyggande
ingripanden medfér en ny utmaning: rationella aktoérer forutser regerin-
gens reaktion pa deras val, vilket potentiellt kan upphéva de avsedda
férdelarna.

Det tredje kapitlet, Financial frictions and aggregate risk exposure,
overgar till en situation med en annan typ av friktion: en finansiell
begrinsning. Denna begrinsning hdmmar omférdelningen av produktio-
nen mellan olika tekniker efter en chock, och kapitlet underséker om
férebyggande politiska ingripanden kan forbattra vélfarden.

Entreprenorer viljer mellan en siker teknik med stabil produktivitet
och en rigkfylld teknik med hogre forvantad produktivitet men utsatthet
for negativa chocker. En sidkerhetsbegransning begriansar foretagens for-
maga att lana kapital, vilket fangar upp det begrinsade utrymmet for
omfordelning efter en chock. En planerare omfordelar tillgangar mellan
olika typer av teknik innan produktionen sker, vilket lattar pa lanebe-
gransningarna for vissa foretag pa bekostnad av att skidrpa dem for andra.
Avgorande ar att planeraren saknar atagande: den véljer omfordelning
efter att ha observerat sammanséattningen av teknikvalen, och aktorerna
forutser detta nér de fattar sina beslut.

Den laissez-faire-baserade allokeringen &ar begrénsat effektiv. Om man
jAmfor en intervention utan atagande med laissez-faire kan vélfirdsef-
fekten delas upp i tva motsatta krafter: en omférdelningsvinst fran en
optimal omférdelning av tillgdngar med fast tekniksammanséattning, och
en snedvridningskostnad fran den férdndring i tekniksammanséttningen
som orsakas av den forvintade omférdelningen. Snedvridningen uppstar
eftersom aktérerna reagerar pa den forvintade omfordelningen genom tva
kanaler: hogre forvintade vinster fran ldttade begréansningar, och en di-
rekt formogenhetséverforing. Planeraren internaliserar endast den forsta

nér han viljer omfordelning, vilket skapar en klyfta som far aktérerna
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att Overskrida malet mot den gynnad tekniken.

Snedvridningskostnaden 6verstiger omférdelningsvinsten for den stora
majoriteten av parametriseringarna. Endast néir den riskfyllda tekniken
producerar néstan ingenting i det daliga ldget forbéttrar icke-bindande
ingripanden valfarden marginellt. Detta &r ett empiriskt extremt scenario
som motsvarar en néstan fullstindig avstdngning av utbudet. I det
empiriskt mer relevanta fallet med stora pristoppar men utan fullstandiga
avbrott dominerar snedvridningskostnaden, och férebyggande ingripande
minskar valfarden jamfért med en planerare som inte ingriper alls.

Kapitel 1 och 2 visar att kanoniska metoder kan missa elasticiteten
nér friktioner férekommer, och att skillnaden gar i en specifik riktning:
kortsiktiga variationer underskattar langsiktig flexibilitet. Att korrigera
for detta fordndrar bade siffrorna och den politiska slutsats som foljer av
dem. Kapitel 3 tar upp grénsfallet — en friktion sa allvarlig att omférdel-
ning efter chocken ar praktiskt taget omojlig — och fragar om politiken
fore chocken kan kompensera for detta. Svaret beror pa atagande: utan
det snedvrider forvintningarna pa politiken just de val som politiken var
avsedd att forma.

Friktioner ar inte oldgenheter som ska jamnas ut. Deras struktur —
anpassningskostnader, bestdndighet, finansiella begrinsningar — avgor
vad vi kan méta och vad en regering trovirdigt kan gora. Att ta friktionen
pa allvar, snarare an att absorbera den i en aggregerad respons, ar det

som fordndrar den politiska losningen i varje kapitel.
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This thesis comprises three self-contained chapters.

Can the plants turn green? studies how electricity and fossil fuels are
used in manufacturing, and describes implications for the substitution
between the two.

Long-run elasticities from short-run wvariation shows that the
substitution potential between two production factors can be
underestimated in the presence of adjustment frictions. It develops a
closed-form correction factor for a particular case.

Financial frictions and aggregate risk exposure studies a model of
technology choice under a financial friction, and shows the
implications for optimal policy.
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