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Abstract

Essays in Environmental Macroeconomics

by

Yang Gao

This dissertation investigates the macroeconomic and welfare implications of climate

change and climate policies, with particular emphasis on firm dynamics and market

frictions. The three chapters approach these questions using a combination of quantitative

macroeconomic modeling, theoretical analysis, and econometric evidence from micro- and

macro-level data.

The first chapter studies optimal carbon taxation when capital is misallocated across

firms. Using data on U.S. public firms, I document that firm-level revenue-based emissions

intensity is negatively correlated with the return to capital, indicating that capital is

misallocated toward dirty firms. Embedding this pattern into a misallocation framework,

I demonstrate a reallocation mechanism: a carbon tax can reduce resource misallocation

and boost aggregate productivity by reallocating capital from dirty to clean firms. I

develop a dynamic, general-equilibrium climate-economy model with heterogeneous firms

and tangibility-dependent financial frictions: dirty firms hold more tangible assets and

face looser collateral constraints, attracting excess capital. Calibrated to firm-level

balance sheet and emissions data, the model implies that a carbon tax raises aggregate

productivity over a wide range of tax rates. The allocative efficiency gains generate

welfare improvements beyond those from internalizing emissions, increasing the optimal

carbon tax by 75% relative to a benchmark without pre-existing misallocation. Consistent

with the same mechanism, removing financial frictions to equalize returns further reduces

economy-wide emissions intensity.
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The second chapter, coauthored with Gregory Casey and Peter K. Kruse-Andersen,

studies the effectiveness of climate change mitigation policies in reducing carbon emissions,

focusing on the channel of economy-wide energy efficiency. Using U.S. data, we estimate

an impulse response function (IRF) that characterizes how energy efficiency responds

to energy price shocks. Standard climate-economy models cannot replicate the slow

transition dynamics observed in the data. We build a tractable model that nests the

existing literature and can closely replicate the empirical IRF. The slow dynamics in

our model imply that carbon taxes reduce short-run and cumulative emissions less than

predicted by standard models. The slow dynamics also imply that higher carbon taxes

and greater reductions in output are needed to achieve a given environmental target.

The third chapter, coauthored with Gregory Casey and Peter K. Kruse-Andersen,

further investigates the aggregate elasticity of substitution between clean and dirty energy

using time-series data from the United States. To match the data, a standard macro

climate-economy model requires an elasticity that is close to one in the long run but well

below one in the short run. Impulse response functions show that the elasticity converges

slowly to its long-run value after a shock to dirty energy prices. Our findings suggest that

carbon taxes reduce emissions more slowly than standard models predict.

JEL Codes: E22, E24, G32, H23, O33, O44, O47, Q43, Q54, Q58
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Chapter 1

Beyond Emissions: The Implications

of Capital Misallocation on Optimal

Carbon Tax

1.1 Introduction

Climate change is a pressing global challenge that demands urgent and well-designed

policy interventions. Among these, carbon taxes play a central role. They not only

internalize the externality from carbon emissions but also reallocate production factors

from high-emission-intensity (“dirty”) to low-emission-intensity (“clean”) firms. In a

frictionless economy with efficient resource allocation, such reallocation would exacerbate

allocative inefficiency. However, in the presence of pre-existing distortions that cause

resource misallocation, it may alter allocative efficiency in a distinct way.

Using firm-level CO2 emissions linked to balance sheet data for U.S. publicly listed

firms, I document a significant negative relationship between firms’ emissions intensity and

their marginal revenue product of capital (MRPK), indicating that capital is systematically
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The Implications of Capital Misallocation on Optimal Carbon Tax Chapter 1

misallocated toward dirty firms. To shed light on the source of this misallocation, I further

show that dirty firms hold more tangible assets and exhibit higher leverage. Building on

this evidence, I propose a novel mechanism of tangibility-dependent financial frictions

that endogenously explains the observed dirty-biased capital misallocation: because

tangible assets ease collateral constraints, dirty firms with more tangible assets face

looser borrowing limits and attract excess capital. This paper quantifies how carbon

taxes interact with these distortions in a dynamic general equilibrium climate-economy

framework—a channel that has been largely overlooked in the literature. In this setting,

a carbon tax can not only internalize the climate externality but also enhance aggregate

productivity by reallocating capital more efficiently from dirty to clean firms, yielding a

potential “double dividend”. This paper further examines how this reallocation mechanism

affects the second-best optimal carbon tax in markets with financial frictions that generate

capital misallocation.

To provide analytical insights, I first build a simple, static model featuring firm-specific

capital distortions à la Hsieh and Klenow (2009), heterogeneous emission intensities, and a

negative externality from emissions as a by-product of production. The economy exhibits

two market imperfections: climate externality and capital misallocation. I allow for a

negative covariance between firms’ capital distortions and emission intensities, reflecting

the empirical pattern that clean firms tend to face higher returns to capital. I prove that

a carbon tax can generate aggregate TFP gains up to a theoretical threshold. Intuitively,

by imposing higher levies on dirty firms, a carbon tax reallocates capital toward clean

firms, reducing MRPK dispersion and mitigating capital misallocation, thereby raising

TFP. Consequently, the carbon tax enhances welfare by improving allocative efficiency,

beyond the standard benefit of internalizing emissions. The optimal carbon tax under

pre-existing capital misallocation thus exceeds the Pigouvian benchmark that would apply

2



The Implications of Capital Misallocation on Optimal Carbon Tax Chapter 1

in the absence of such misallocation1. Beyond carbon taxes, I also prove that eliminating

capital misallocation alone reduces the economy’s aggregate emissions intensity by shifting

resources from dirty to clean firms. Therefore, alleviating misallocation not only boosts

TFP but also delivers direct environmental benefits.

To quantify policy impacts, I develop a quantitative, dynamic climate-economy model

with tangibility-dependent financial frictions that replicates firm-level empirical patterns.

The model features heterogeneous firms evolving over time in a general equilibrium setting.

Consistent with the empirical evidence, firms differ along two key dimensions. First,

they vary in the share of tangible capital in their asset structure, which determines their

emissions intensity. Second, they face financial frictions that link access to credit and

borrowing capacity to tangible capital: because tangible assets are more pledgeable, clean

firms with more intangible assets encounter tighter collateral constraints and underinvest

relative to their productivity, whereas dirty firms with more tangible assets are largely

unconstrained and tend to overinvest. Cumulative emissions from firms’ production

impose a linear utility cost on both firms and workers, capturing the negative climate

externality in the model. Relative to the simple model, the quantitative model endogenizes

capital distortions through the bindingness of firms’ borrowing constraints. As a result,

firm-level capital distortions now adjust endogenously to carbon taxes, providing a more

realistic depiction of firm dynamics and factor reallocation in response to climate policy.

Furthermore, the quantitative model incorporates a variable aggregate capital supply,

enabling capital accumulation to respond endogenously to policy changes.

The quantitative model is calibrated to balance sheet and emissions data for U.S.

public firms. I evaluate the laissez-faire equilibrium outcomes in the baseline model with

1In both the simple and quantitative models, the climate externality is modeled as a linear additive
utility cost, independent of capital misallocation. Hence, the allocative efficiency, i.e. aggregate TFP,
is unrelated to climate damages. Throughout the paper, the “efficient allocation” refers to the state in
which marginal products are equalized and aggregate productivity attains its theoretical maximum.

3



The Implications of Capital Misallocation on Optimal Carbon Tax Chapter 1

tangibility-dependent financial frictions and compare them with those in a benchmark

model without financial frictions, as commonly used in the macro-climate economy

literature. The baseline model successfully reproduces several firm-level moments observed

in the data that are not specifically targeted during model calibration. In particular, it

endogenously generates a negative correlation between emissions intensity and MRPK;

higher capital, output, and leverage among dirty firms; and higher cash holdings among

clean firms. These results validate my financial frictions mechanism in explaining the

empirically observed misallocation patterns. In contrast, the benchmark model without

financial frictions fails to replicate these empirical moments.

Using the calibrated model, I examine counterfactual economies in the steady state

after carbon taxes are introduced. I compare aggregate, distributional, and welfare

outcomes under varying carbon tax rates in two settings: the baseline economy featuring

tangibility-dependent financial frictions and the benchmark economy without such frictions.

The reallocation mechanisms derived from the simple model carry over to the quantitative

analysis. In the baseline model, carbon taxes enhance aggregate productivity relative to

the laissez-faire equilibrium across a broad range of tax rates, with the largest TFP gain

occurring at $275/tCO2. The effect is driven by the reallocation of capital from dirty to

clean firms, which alleviates capital misallocation by narrowing the gap in MRPK between

these groups. In contrast, in the benchmark model, higher carbon taxes monotonically

reduce TFP by amplifying the dispersion in marginal products and moving the economy

further away from the efficient allocation.

Consequently, a carbon tax in the baseline economy can deliver a “double dividend”:

it simultaneously mitigates the climate externality and improves allocative efficiency,

whereas in the benchmark economy it serves only the traditional Pigouvian purpose. In

the baseline model, the steady-state optimal carbon tax is $210/tCO2, about 75 percent

higher than the optimal tax $120/tCO2 in the benchmark. Hence, financial frictions drive

4



The Implications of Capital Misallocation on Optimal Carbon Tax Chapter 1

up the optimal carbon tax due to additional TFP gains from the tax, beyond its effect

on reducing emissions: higher TFP raises aggregate capital demand by increasing the

marginal return to investment, which partially offsets the decline in aggregate capital

supply caused by a higher carbon tax relative to the benchmark. In the baseline economy,

the optimal carbon tax ($210/tCO2) remains below the level that would maximize TFP

gains ($275/tCO2), because even though higher TFP could be achieved, aggregate capital

and output are largely depressed by a higher carbon tax; thus, excessively high taxes

can harm welfare in the dynamic model. In terms of welfare gains, the steady-state

consumption at the optimal tax in the baseline model rises by 0.32 percent relative to

laissez-faire, compared to only 0.14 percent under the optimal carbon tax in the benchmark

economy. Moreover, financial frictions substantially widen the range of carbon tax rates

that improve welfare relative to laissez-faire.

Financial frictions alone also have important environmental implications. As an

alternative policy counterfactual to carbon taxes, removing these frictions generates

sizable aggregate and environmental effects. Eliminating financial frictions raises TFP by

2.3 percent and aggregate output by 6.2 percent. In the dynamic model, these productivity

gains increase the equilibrium interest rate and induce additional capital accumulation,

further amplifying the output response. Aggregate emissions rise by 4.8 percent, primarily

due to the scale effect of higher output, while the economy-wide emissions intensity

declines by 1.4 percent, reflecting a larger share of clean production as capital reallocates

toward clean firms. Overall, the welfare gain from removing financial frictions is an order

of magnitude larger than that achieved under the optimal carbon tax in the presence of

financial frictions.

5
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1.2 Related Literature

A closely related concurrent study by Kim (2023) documents a similar negative correla-

tion between firms’ emissions intensity and marginal products. He attributes this pattern

to the assumption that clean firms have higher firm-level TFP, since more productive

firms exhibit higher equilibrium marginal products in standard models with financial

frictions. In contrast, this paper shows that higher-TFP firms are not necessarily cleaner.

Drawing on richer empirical evidence and insights from the literature, I propose a distinct

mechanism: dirty firms hold more tangible assets and face looser collateral constraints

than clean firms, giving rise to heterogeneous financial frictions that systematically favor

dirty firms. This mechanism endogenizes aggregate TFP as a function of tangibility-

dependent financial frictions and yields sharper predictions for the effects of carbon taxes

on firm dynamics and allocative efficiency.

My paper closely relates to several other studies on the allocative efficiency impacts

of environmental policies in the presence of correlated distortions. Klenow et al. (2024)

document that revenue distortions are correlated with fossil fuel intensity among Chilean

firms and find that carbon taxes can enhance allocative efficiency by reallocating resources

from dirty, low-markup firms to clean, high-markup firms. My work differs in several

aspects. I focus on the implications of capital distortions from heterogeneous financial

frictions among U.S. firms. My dynamic climate-economy model with richer firm dynamics

allows me to quantify policy impacts and to explore both positive and normative questions

on the optimal carbon tax in the presence of capital misallocation, in contrast to their

static framework where misallocation arises from exogenous wedges. Kabir and Tan

(2025) show that green financing can increase emissions if it reduces capital misallocation,

where they present a sufficient statistics approach to evaluate the circumstances under

which such unintended consequences can occur and show that this is a valid concern for

6
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over 53.9% of industries in the United States. Focusing on water pollution rather than

carbon emissions, Qi et al. (2021) document that misallocation in China favors smaller,

more polluting firms, and examine the effects of either removing such misallocation or

implementing water pollution regulations through a quantification exercise.

Second, my paper contributes to an extensive body of work on second-best carbon

pricing in the presence of pre-existing market distortions. Much of this literature employs

a representative-agent framework in computable general equilibrium or macroeconomic

models and emphasizes the interactions between carbon taxation, distortionary fiscal

instruments, and revenue recycling (e.g., Goulder, 1995; Bovenberg and Goulder, 1996;

Parry et al., 1999; Fullerton and Kim, 2008; Barrage, 2020). In contrast, I study the

optimal carbon tax in a macro-climate-economy model with capital misallocation across

heterogeneous firms. My analysis reveals the welfare benefit of carbon taxes through their

positive effects on allocative efficiency.

Third, my paper builds on the extensive macroeconomic literature on resource mis-

allocation and aggregate productivity losses, which can arise from exogenous wedges in

static settings (Hsieh and Klenow, 2009) or from endogenous distortions due to financial

frictions in dynamic models (Midrigan and Xu, 2014; Moll, 2014; Buera and Moll, 2015;

Gopinath et al., 2017). More recently, Liu and Xu (2024) examine climate-change-induced

factor misallocation and its effects on TFP. My research goes beyond the productivity

implications of capital misallocation to highlight its environmental and climate policy

implications. I show that removing capital misallocation in favor of dirty firms can reduce

economy-wide emissions intensity alongside the gains in TFP, and that accounting for

capital misallocation also has important implications for the optimal carbon tax.

Fourth, my work relates to the literature on firms’ asset structure and financial

constraints. A large body of research emphasizes that asset tangibility plays a central role

in determining firms’ access to credit (e.g., Almeida and Campello, 2007; Caggese and

7
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Perez-Orive, 2022; Falato et al., 2022), and that firms investing in intangible capital are

more likely to face financial constraints (e.g., Hall, 2002; Brown et al., 2009; Dell’Ariccia

et al., 2021). I contribute to this literature by examining the environmental bias of

financial frictions that depend on firms’ asset tangibility and pledgeability.

Lastly, my paper contributes to the growing literature on climate finance. Iovino et al.

(2023) document the U.S. corporate tax effectively subsidizes carbon emissions, as dirty

firms benefit disproportionately from debt tax shields enabled by their higher leverage

and asset tangibility. Papoutsi et al. (2022) show that the European Central Bank’s

market-neutral corporate bond purchases are unintentionally tilted toward brown sectors,

reflecting their larger bond issuance and higher tangible capital. Lanteri and Rampini

(2025) find that financial constraints in the commercial shipping industry hinder smaller

firms from adopting expensive cleaner technologies, leading to investment in cheaper,

older, and dirtier capital. Relative to these studies, I focus on U.S. public firms that differ

in their emissions intensity and examine how financial frictions distort capital allocation

in favor of dirtier firms due to differences in their asset tangibility. Capelle et al. (2023)

highlight the importance of adoption of newer capital-embedded technologies in lowering

the costs of mitigation policies by noticing the firm-level heterogeneity in environmental

performance.

The structure of the paper is as follows. Section 1.3 describes the data, documents the

empirical evidence on capital misallocation favoring dirty firms, and provides supporting

evidence for the underlying mechanism. Section 1.4 presents a simple, static model and

derives analytical results. Section 1.5 develops a quantitative, dynamic climate-economy

model in general equilibrium with tangibility-dependent financial frictions. Section 1.6

outlines the model calibration. Section 1.7 validates the model and analyzes policy

counterfactuals, including the implications for the optimal carbon tax. Section 1.8

concludes.

8



The Implications of Capital Misallocation on Optimal Carbon Tax Chapter 1

1.3 Empirical Evidence

This section documents a robust empirical relationship between firms’ emissions

intensity, return on capital, and asset tangibility. The results highlight how capital

is misallocated in favor of high-emissions-intensity “dirty” firms, potentially driven by

financial frictions related to asset tangibility.

1.3.1 Data Description

My empirical analysis focuses on U.S. public firms that generate carbon emissions. The

data are collected from two data sources: firm-level balance sheet data from Compustat

and firm-level carbon emissions from S&P Trucost.

Firm Balance Sheet Variables. Firm-level balance sheet data for all U.S.-headquartered

firms are obtained from Compustat over the period 2002-2021.2 Firms’ output is measured

by sales (Compustat item SALE). Tangible capital is constructed from the tangible fixed

assets, specifically property, plant, and equipment (PPE; Compustat items PPEGT and

PPENT), using the perpetual inventory method. Intangible capital is taken from intangi-

ble fixed assets (Compustat item INTAN). The total capital stock is the sum of tangible

and intangible capital. Total assets are obtained from Compustat item AT and the

number of employees from Compustat item EMP. Debt is defined as the sum of short- and

long-term debt (Compustat items DLC and DLTT). Firm size is measured by total assets.

Firm age is defined as the number of years since the founding year, based on information

provided by Jay Ritter’s website; if the founding year is unavailable, the first year the firm

appears in Compustat is used as a proxy. For regression analysis, industry-by-year fixed

2In the model calibration in Section 1.6, I also extend the Compustat firm sample, including those
with at least one carbon emissions observation, back to 1980. This longer time series is essential for
estimating productivity parameters, allowing for more consistent and unbiased results. Further details
will be provided in that section.
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effects are further included, with industries classified by two-digit SIC codes. Nominal

values are deflated by GDP deflators, and tangible assets by investment goods price

deflators, both sourced from Federal Reserve Economic Data. The sample is restricted to

exclude firms in the financial (SIC codes 6000-6799) and utility (SIC codes 4900-4999)

sectors. For the empirical analysis, firm-years with missing values for key variables are

excluded.

In the following discussion, the marginal revenue product of capital (MRPK) for

firms is calculated as the ratio of revenue output to total capital; the marginal revenue

product of labor (MRPL) as the ratio of revenue output to the number of employees.

The approximation of marginal products by average products follows directly from the

assumption of Cobb-Douglas production function for firms3. Firms’ asset tangibility is

defined as the proportion of tangible assets to total assets, and leverage is defined as the

ratio of total debt to total assets.

Firm Carbon Emissions. Data on firm-level carbon emissions, spanning 2002-2021,

are obtained from the S&P Trucost database. The firm-level greenhouse gas emissions,

quantified in CO2 equivalent (CO2e), are subsequently merged with firm-level balance

sheet data, restricting the sample to Compustat firms for which emissions data are

available. Trucost quantifies firm-level scope 1, 2, and often scope 3 greenhouse gas

emissions. Being the data provider with the broadest coverage for firm-level direct CO2

emissions (Busch et al., 2022; Iovino et al., 2023), Trucost collects emissions data from

company reports and public disclosures. It ensures reliable data via robust quality control

and standardization, broadening coverage by estimating non-disclosed emissions with

sector-specific models.

3See equations (1.9) and (1.52). Also for empirical analysis, the omission of the constant capital share
α and the constant price markup η does not affect the regression coefficients. Potential variations in
factor shares across industries are addressed by including industry-by-year fixed effects.

10
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In the baseline analysis, I use firm-level emissions defined as the sum of scope 1

emissions, which measure direct emissions from company-owned or controlled resources,

and scope 2 emissions, which capture indirect emissions from purchased electricity or

energy. I chose to use both scope 1 and 2 emissions as many of the firms’ emissions come

not only from their own plants but also from their reliance on external energy sources,

such as electricity, to run daily operations, which is not necessarily captured in scope 1.

This approach provides a more comprehensive view of the total emissions associated with

the company’s activities and energy consumption. Firms’ emissions intensity is measured

as the ratio of emissions to sales, expressed in metric tons of CO2e per thousand dollars of

sales. The baseline sample for the empirical analysis covers 2,150 U.S. non-financial public

firms, with a total of 15,830 firm-year observations. Table A.1 presents the summary

statistics of the constructed firm sample.

1.3.2 Cross-sectional Link between Emissions Intensity and

MRPK

In the absence of distortions, capital should be allocated toward more productive

firms until the marginal revenue product of capital (MRPK) is equalized across firms.

Capital misallocation arises when market distortions or policy interventions introduce

wedges between factor prices and marginal products in firms’ capital decisions, generating

dispersion in MRPK across firms. Firms facing greater capital distortions exhibit higher

MRPK and are unable to achieve an allocatively efficient level of capital, while others

with lower MRPK may hold more capital than is efficient.

This section examines how MRPK varies with emissions intensity. To this end, I

estimate the following ordinary least squares (OLS) regression using the constructed

11
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firm-level dataset:

Yi,t = β0 + β1 log(Emissions Intensityi,t) +Xi,t + γs,t + ϵi,t (1.1)

In this baseline specification, log(Emissions Intensityi,t) represents the natural logarithm

of emissions intensity of firm i in year t. I apply the log of emissions intensity to address the

concern that the distribution of emissions intensity across firms is right-skewed. The main

dependent variable, Yi,t, is the natural logarithm of firms’ marginal revenue product of

capital, log(MRPK). Xi,t are firm-level controls including firm size, measured by log(total

assets), and firm age, measured by log(age). These controls are included in a subset of

the regression specifications. The term, γs,t, captures 2-digit SIC industry-by-year fixed

effects, controlling for variations within industries over time. Standard errors, ϵi,t, are

clustered at the firm-year level.

I show that capital is inefficiently over-allocated to dirty firms and under-allocated to

clean firms, which is illustrated by the baseline results reported in Table 1.1. Columns

(1) and (2) of Table 1.1 reveal a negative correlation between firms’ emissions intensity

and MRPK that is statistically significant at the 0.1% confidence level. This relationship

remains robust even after accounting for firm-level controls. Figure 1.1 further illustrates

this strong negative relationship with a binned firm plot.

Robustness. To strengthen the findings on the negative relationship between firms’

emissions profiles and their MRPK, I conduct several robustness checks. First, I apply

the scope 1 direct emissions alone, rather than the sum of scope 1 and 2 emissions, to

calculate firms’ emissions intensity. Columns (1) and (2) of Appendix Table A.2 indicate

that this negative relationship remains statistically significant at the 0.1% level. Second, I

replace sales with gross value added—calculated as sales minus the cost of goods sold—to

12
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Dep. Var.: Dep. Var.: Dep. Var.:
log(MRPK) Asset Tangibility Leverage
(1) (2) (3) (4) (5) (6)

log(Emissions Intensity) -0.196∗∗∗ -0.198∗∗∗ 0.074∗∗∗ 0.074∗∗∗ 0.015∗∗ 0.015∗∗

(0.020) (0.021) (0.004) (0.004) (0.004) (0.004)

Firm Controls N Y N Y N Y
Industry × Year FE Y Y Y Y Y Y
Adjusted R2 0.315 0.341 0.651 0.651 0.113 0.134
Observations 15,830 15,830 15,830 15,830 15,830 15,830

Standard errors two-way clustered at the firm-year level are reported in parentheses.
∗∗∗p < 0.001,∗∗ p < 0.01,∗ p < 0.05

Table 1.1: Firm-level results between emissions intensity and balance sheet outcomes

construct firms’ MRPK. Columns (3) and (4) of Appendix Table A.2 confirm that the

coefficient remains negative and statistically significant at the 0.1% level. Third, I use the

level instead of the log transformation of emissions intensity as an alternative independent

variable in specification (1.1). As shown in columns (5) and (6) of Appendix Table A.2,

the coefficient remains negative and statistically significant at the 0.1% level. Lastly, I

assess the relationship between firms’ marginal revenue product of labor (MRPL) and

emissions intensity. As detailed in Appendix Table A.3, the regression coefficients for

log(MRPL) vary in sign and largely insignificant across specifications, suggesting the

correlation between MRPL and emissions intensity is neither consistent nor robust. This

indicates that, although there are notable associations with firms’ emissions profiles in

terms of capital allocation, similar patterns in labor allocation do not consistently emerge

from the data.

13



The Implications of Capital Misallocation on Optimal Carbon Tax Chapter 1

-2

-1.5

-1

-.5

0

Lo
g(

M
RP

K)

-10 -5 0 5
Log(Emissions Intensity)

β1 = -0.196***

Figure 1.1: Firm-level emissions intensity and marginal revenue product of capital

Notes : the figure shows a binned scatter plot with 50 bins of firms (solid blue dots) and a linear regression
fit (red dashed line) adjusted for industry-year fixed effects. Marginal revenue product of capital (MRPK)
is measured by the ratio of output to total capital; emissions intensity is measured in metric tons of CO2

per thousand dollar sales.

1.3.3 The Mechanism behind the MRPK-Emissions Intensity

Link

In this section, I explain the mechanism through which dirty firms experience lower

capital distortions, as evidenced by their lower MRPK. Previous studies have shown that

dirty firms or sectors tend to own more tangible assets (Papoutsi et al., 2022; Iovino et al.,

2023). Tangible assets—such as buildings, machinery, and equipment—can more easily

be used as collateral. I therefore propose that the greater tangibility of assets in dirty

firms enhances their ability to obtain external financing, thereby reducing distortions in

their access to capital and resulting in a lower MRPK.

In columns (3) and (4) of Table 1.1, I highlight a significant positive relationship

between a firm’s logarithm of emissions intensity and its asset tangibility using regression

specification (1.1). Asset tangibility is measured by tangible capital scaled by total

assets where tangible capital is measured by property, plant, and equipment (PPE), and
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the coefficient for this relationship is statistically significant at the 0.1% level. Panel

(a) of Figure 1.2 further illustrates this strong relationship, suggesting that firms with

substantial emissions tend to have a higher proportion of tangible capital in their asset

structure due to the fact that carbon emissions are often linked to the use of tangible

capital in the production process.

Tangible capital plays a crucial role in external finance, as it is more readily used as

collateral compared to intangible capital. This means that firms with a higher ratio of

tangible assets can secure more financing since tangible assets are viewed by lenders as

a more reliable source of collateral (see e.g. Almeida and Campello, 2007; Caggese and

Perez-Orive, 2022; Falato et al., 2022). In contrast, firms with fewer tangible assets tend to

face tighter borrowing constraints due to the lower collateral value of their assets. As such,

the tangibility of firms’ assets serves as a proxy for their pledgeability, which consequently

determines the firms’ borrowing capacity. In this context, I further demonstrate that

dirty firms are able to sustain higher levels of debt due to their increased tangibility and

pledgeability of assets. As illustrated in columns (5) and (6) of Table 1.1, there is a

significant positive relationship between firms’ emissions intensity and leverage (defined

as the debt-to-assets ratio), which holds at the 1% significance level using regression

specification (1.1). Panel (b) in Figure 1.2 further depicts this positive correlation. This

distinction in firms’ share of tangible assets and its impact on their financing capacity

has significant implications for the potential financial constraints faced by dirtier versus

cleaner firms.

As a result, the observed negative relationship between emissions intensity and MRPK

is consistent with the mechanism of heterogeneous financial constraints faced by firms

with different emissions characteristics. The financial frictions channel has been crucial in

explaining the variation in marginal products and the capital misallocation in the literature

(see e.g. Moll, 2014; Midrigan and Xu, 2014; Buera and Moll, 2015; Gopinath et al., 2017).
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Dirty firms, which typically possess more tangible assets, face fewer collateral constraints

and can operate closer to their desired levels of capital, contributing to their lower MRPK.

In contrast, clean firms with fewer tangible assets encounter tighter collateral constraints,

hindering their ability to secure sufficient financing and thereby preventing them from

reaching their desired capital levels, resulting in a higher MRPK. Complementing this

mechanism, Appendix Table A.4 provides robust evidence that clean firms tend to hold

more cash in their assets. This behavior is consistent with findings from Cunha and Pollet

(2020), who document that financially constrained firms often accumulate more cash for

precautionary motives due to insufficient external finance. Therefore, financial frictions

based on asset tangibility play a pivotal role in shaping the financial landscape for both

high- and low-emissions firms, influencing their access to capital and ultimately affecting

the allocative efficiency of capital across these firms.
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(b) Leverage

Figure 1.2: Firm-level emissions intensity, asset tangibility and leverage ratio

Notes : the figure shows a binned scatter plot with 50 bins of firms (solid blue dots) and a linear regression
fit (red dashed line) adjusted for industry-year fixed effects. Asset tangibility is measured by the ratio
of property, plant and equipment (PPE) to total assets; leverage by the ratio of debt to total assets;
emissions intensity by metric tons of CO2 equivalent per thousand dollar sales.

Tangibility vs. Productivity. Kim (2023) identifies a similar negative correlation
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Dep. Var.: log(Emissions Intensity)

Tangibility Only Productivity Only Both Both + Firm Controls
(1) (2) (3) (4)

Asset Tangibility 2.271∗∗∗ 2.271∗∗∗ 2.256∗∗∗

(0.175) (0.174) (0.171)
log(Productivity) -0.012 -0.011 -0.021

(0.015) (0.013) (0.014)

Firm Controls N N N Y
Industry×Year FE Y Y Y Y
Adjusted R2 0.648 0.577 0.649 0.649
Observations 15,830 15,830 15,830 15,830

Standard errors two-way clustered at the firm-year level are reported in parentheses.
∗∗∗p < 0.001,∗∗ p < 0.01,∗ p < 0.05

Table 1.2: Explaining firm-level emissions intensity: asset tangibility vs. productivity

between firms’ emissions intensity and their marginal products, where he attributes the

observed MRPK-emissions intensity relationship to the higher physical productivity, i.e.

firm-level TFP, of clean firms. However, my proposed mechanism provides a different

explanation, emphasizing the role of asset tangibility in explaining the MRPK-emissions

intensity connection, independent of firm-level productivity differences.

To empirically test and compare these mechanisms, I examine whether firm-level

productivity or asset tangibility more robustly explains emissions intensity using the

following regression:

log(Emissions Intensityi,t) = β0 + β1Tangibilityi,t + β2 log(Productivityi,t) + γs,t +Xi,t + ϵi,t

(1.2)

where the new variable log(Productivityi,t) is the logarithm of estimated firm-level pro-

ductivity4.

The results, presented in Table 1.2, consistently show that asset tangibility has a

4The firm-level TFP is not directly observable from the balance sheet data. Its estimation will be
discussed in detail in Section 1.6.
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strong, positive, and statistically significant relationship with emissions intensity, with or

without the productivity variable. Conversely, the coefficients on firms’ productivity are

insignificant across specifications. Notably, conditional on including the other explanatory

variable, the inclusion of tangibility markedly increases the regression’s explanatory power

(R2), while adding productivity barely changes the value. These findings indicate no

strong connection between higher firm TFP and cleaner operations.

Further analysis, presented in Appendix Table A.5, demonstrates that incorporating

asset tangibility as an explanatory variable substantially reduces the explanatory power

of emissions intensity on MRPK, accounting for 50% of the observed MRPK-emissions

intensity relationship. In contrast, adding productivity has a smaller and even negligible

impact, suggesting that the potential link between emissions intensity and the marginal

product of capital is not mediated through firms’ productivity features. This evidence

underscores the pivotal role of the firms’ differential asset structure in explaining the

MRPK-emissions intensity connection, supporting the tangibility-based financial frictions

channel proposed in this paper5.

1.4 Simple Model

This section develops a simple model that provides analytical results on how carbon

taxes affect allocative efficiency in the presence of empirically observed capital misallocation

biased toward dirty firms, and how addressing such misallocation influences environmental

outcomes. These analytical insights are further illustrated through numerical simulations.

The simple model builds on Hsieh and Klenow (2009) but incorporates firm-specific

emissions intensities that are negatively correlated with capital distortions.

5In addition, Kim (2023) suggests that labor is also misallocated toward dirty firms. However, my
empirical findings show no systematic correlation between firms’ MRPL and emission intensity.
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1.4.1 Model Setup

The model is static. The economy is populated by N monopolistically competitive

firms producing differentiated intermediate goods. The final output (Y ) is a Dixit-Stiglitz

CES bundle of intermediate goods:

Y =

(
N∑
i=1

y
σ−1
σ

i

) σ
σ−1

(1.3)

where yi denotes the real output of intermediate producer i, and σ denotes the elasticity

of substitution between varieties. Each intermediate firm produces output with a Cobb-

Douglas production function:

yi = zik
α
i l

1−α
i (1.4)

where zi is the physical productivity, ki is capital, li is labor, and α is the capital share

of output. Let pi denote the price of variety i in the units of final good. The profit-

maximization of the final producer suggests that firms face an isoelastic demand function

for their output:

yi = p−σ
i Y (1.5)

where I normalize the price of final output to 1. Firms generate carbon emissions, ei, as a

by-product from their production, which is given by:

ei = ωi revi (1.6)

where ωi is the firm-specific constant emissions share in terms of revenue (Sogalla et al.,

2024), and revi := piyi is firms’ total revenue output. Thus ωi describes firms’ revenue-
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based emissions intensity, a measure of how much carbon emissions a firm emits for each

unit of revenue it generates.

Firms choose their price, capital, and labor to maximize their profits taking (distortion-

inclusive) factor prices as given:

max
pi,ki,li

(1− τeωi)piyi − (1 + τki)(r + δ)ki − wli (1.7)

where w denotes the wage, r denotes the real interest rate, δ denotes the depreciation

rate, τe denotes a unit tax on firms’ carbon emissions, and τki denotes a firm-specific

wedge that distorts capital relative to labor, which I refer to as the firm-specific capital

distortion henceforth. Because firms pay a total of τeei in carbon taxes, equation (1.6)

implies this levy is equivalent to an ad-valorem tax at rate τeωi, which appears in the

profit function as an output wedge that distorts firms’ choices and, consequently, resource

allocation across firms. In this section, I treat τki and its potential relationship with ωi as

exogenous. They are later endogenized in the model of Section 1.5.

The optimality condition of price gives:

pi = η

(
r + δ

α

)α(
w

1− α

)1−α
(1 + τki)

α

zi (1− τeωi)
(1.8)

where η = σ
σ−1

denotes firms’ constant markup of price over marginal cost. Firms’ optimal

decisions with respect to capital and labor yield:

MRPKi :=
αpiyi
ηki

=
(1 + τki)(r + δ)

1− τeωi

(1.9)

MRPLi :=
(1− α)piyi

ηli
=

w

1− τeωi

(1.10)

where equation (1.9) suggests that firms’ marginal revenue product of capital (MRPK)
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is set equal to the cost of capital times the composite distortion 1+τki
1−τeωi

, and equation

(1.10) states that their marginal revenue product of labor (MRPL) equals wage rate times

the distortion 1
1−τeωi

. With the Cobb-Douglas production function, the marginal revenue

product of each factor is proportional to the average revenue product (or revenue-based

productivity) of the factor.

In the simple static model, I assume a fixed aggregate factor supply. In the dynamic

model of Section 1.5, I will relax the assumption of fixed capital supply. The capital and

labor market clearing conditions are given by:

K =
N∑
i=1

ki (1.11)

L =
N∑
i=1

li (1.12)

To close the model economy, I assume that the revenues from carbon taxes (τeei) and

distortions on capital (τki(r+δ)ki) from all firms are lump-sum rebated to a representative

household who simply consumes the final output.

I now have all the necessary components to define a competitive equilibrium of the

simple model, which is given in Definition 1.1.

Definition 1.1. A competitive equilibrium is a set of prices (r, w, pi) and allocations

of (ki, li, yi, ei, Y ), such that given carbon tax (τe), exogenous firm productivity (zi),

emissions intensity (ωi) and capital distortions (τki): (1) intermediate and final-output

firms maximize profits, i.e. (1.3), (1.4), (1.6), (1.8), (1.9), and (1.10) hold, (2) factor

markets clear, i.e. (1.11) and (1.12) hold.
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1.4.2 Allocative Efficiency in the Model

In the laissez-faire (i.e. τe = 0) competitive equilibrium of the simple model outlined in

Section 1.4.1, firms disregard the climate damages arising from the carbon emissions, which

justifies the use of a carbon tax to correct for the negative externality. In addition, capital

misallocation arises from the firm-specific τki and marginal revenue product of capital,

which are negatively correlated with the firm-specific emissions intensity as suggested by

the empirical evidence in Section 1.3. Therefore, the model essentially features two market

imperfections, the climate externality and allocative inefficiency. Two key policy questions

thus relate to: 1) what are the impacts of carbon taxes on resource (mis)allocation and

aggregate TFP provided the pre-existing capital misallocation systematically correlated

with firm-level emissions feature, and 2) what are the implications of this reallocation

channel on the optimal carbon tax that maximizes social welfare? The optimal carbon

tax in my context therefore differs substantially from a conventional Pigouvian setting, as

it represents a second-best solution that balances the policy’s interaction with two market

distortions.

Carbon Tax, Reallocation, and TFP. To begin with, I formally define the aggregate

TFP of the model economy in Lemma 1.2.

Lemma 1.2. The aggregate production function can be written as the product of an

effective aggregate TFP and the aggregate capital-labor composite.

Y = TFP×Kα
L
1−α

(1.13)

The effective aggregate TFP can be expressed as a function of the firm-level productivity
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(zi), emissions intensity (ωi), capital distortion (τki), and carbon tax (τe),

TFP =

(∑N
i=1

(
(1−τeωi)zi
(1+τki)α

)σ−1
) σ

σ−1

(∑N
i=1

(1−τeωi)σz
σ−1
i

(1+τki)1+α(σ−1)

)α (∑N
i=1

(1−τeωi)σz
σ−1
i

(1+τki)α(σ−1)

)1−α (1.14)

Proof: I provide a detailed proof in Appendix Section A.

Next, I define resource misallocation, which lowers the allocative efficiency and

aggregate total factor productivity (TFP). Adopting the terminology used in Foster

et al. (2008), Hsieh and Klenow (2009), and Gopinath et al. (2017), I define firm-level

revenue-based total factor productivity (TFPR) as the product of price pi times physical

productivity zi:

TFPRi := pizi

= η

(
MRPKi

α

)α(
MRPLi

1− α

)1−α

∝ (1 + τki)
α

1− τeωi

(1.15)

Equation (1.15) shows that the firm-level TFPR is related to both factors’ marginal

revenue product. Firms with higher capital distortions τki, or higher tax distortions τeωi,

face higher marginal revenue products and a higher (more distorted) TFPR. In the model,

aggregate TFP achieves its most efficient level when resources are efficiently allocated

across firms. In the efficient allocation, more factors are allocated to firms with higher

productivity zi, until there is no dispersion of the MRPK, MRPL, and TFPR across firms,

i.e. they face the same or zero distortions on output and capital6. However, idiosyncratic

distortions lead to a dispersion in marginal revenue products. This dispersion, termed

6In this paper, allocative efficiency refers to the state where aggregate TFP is maximized that is
independent of climate externality. Consequently, this TFP-maximizing allocation in general does not
coincide with the welfare-maximizing allocation once climate externality damage is considered.
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resource misallocation, in turn lowers aggregate TFP relative to its efficient level. We

measure this misallocation by defining the misallocation of capital, labor, and resources

(MoK, MoL, and MoR) as the dispersion of the natural logarithm of firm-level MRPK,

MRPL, and TFPR, respectively:

MoK := Var(logMRPKi) (1.16)

MoL := Var(logMRPLi) (1.17)

MoR := Var(log TFPRi) (1.18)

MoR (misallocation of resources) is a key determinant of aggregate TFP. A higher MoR

signifies worse allocative efficiency, and consequently, lower aggregate TFP. A higher

value of MoK (misallocation of capital) or MoL (misallocation of labor), implying a worse

capital or labor allocation, can both contribute to higher MoR7. To analyze the impact of

carbon taxes (τe) on factor and resource misallocation, I present the log-approximated

expressions for MoK, MoL, and MoR below8:

MoK = Var(τki) + Var(ωi)τ
2
e + 2Cov(τki, ωi)τe (1.19)

MoL = Var(ωi)τ
2
e (1.20)

MoR = α2Var(τki) + Var(ωi)τ
2
e + 2αCov(τki, ei)τe. (1.21)

In Section 1.3, I establish a negative relationship between MRPK and emissions intensity

(ωi) in the data. Equation (1.9) informs that in the laissez-faire market outcome (τe = 0),

firm-level capital wedges τki directly account for deviations of MRPK from its efficient

level. Therefore the negative relationship between MRPK and ωi translates to a negative

7MoR = α2 MoK+(1− α)2 MoL+2α(1− α) Cov(logMRPKi, logMRPLi)
8These expressions are derived under the assumption that capital and output wedges, τki and τeωi,

are sufficiently close to zero.
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Cov(τki, ωi).

To understand the underlying mechanisms through which carbon taxes affect aggregate

TFP, I first examine their impact on factor and resource misallocation. Equation (1.20)

demonstrates that a higher τe unambiguously increases MoL, as it introduces a higher

dispersion in MRPL driven by the heterogeneous emissions intensities. In contrast,

given a negative Cov(τki, ωi) < 0, a higher τe induces two countervailing effects on MoK

in equation (1.19): it increases MoK through the Var(ωi) term (reflecting new output

distortions from varying emissions intensities that amplify the MRPK dispersion), but

decreases MoK through the Cov(τki, ωi) term (reflecting a corrective reallocation effect

that reduces the MRPK dispersion). Consequently, the net impact of τe on MoK is

ambiguous, depending on the relative strength of these two forces.

As a result, a higher τe also has an ambiguous effect on the overall misallocation of

resources (MoR) in equation (1.21), the intuition behind which is twofold. On one hand,

τe creates output distortion, particularly when firms have heterogeneous ωi, which tends

to increase the dispersion of marginal products, thereby exacerbating misallocation of

both factors. On the other hand, τe directly incentivizes capital reallocation away from the

dirty firms by increasing the cost of operations by more for this group. As cleaner firms

typically demonstrate a higher MRPK before the tax is applied, this shift actively reduces

the dispersion of MRPK, especially between dirty and clean firms, leading to improved

capital allocation. The ultimate impact depends on which of these two counteracting

forces dominates at different tax levels. I now formally state the impact of a carbon tax on

resource misallocation (MoR) and TFP in Proposition 1.3. It establishes a non-monotonic

effect of τe on TFP conditional on the distributions of τki and ωi, and the existence of a

certain threshold value of τe where TFP performance is improved the most.

Proposition 1.3. Assume 1) {log zi, log(1 + τki), log(1− τeωi)} follow a joint normal
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distribution, and 2) Cov(τki, ωi) < 0. Then there exists a threshold value

τ̄e =
−αCov(τki, ωi)

Var(ωi)
> 0, (1.22)

such that aggregate TFP (MoR) is strictly increasing (decreasing) in τe for 0 < τe < τ̄e,

and strictly decreasing (increasing) in τe for τe > τ̄e.

Proof: The detailed proof is provided in Appendix Section A.

Figure 1.3 illustrates the reallocation mechanism using simulations from the simple

model. I consider three settings that vary the extent to which misallocation is tilted toward

dirty firms: Cov(τki, ωi) ∈ {0,−0.025,−0.05}. Cov(τki, ωi) = 0 refers to the case without

prior capital misallocation, and Cov(τki, ωi) < 0 refers to the case of capital misallocation

in favor of dirty firms, which is observed from the data. Cov(τki, ωi) = −0.025 and

−0.05 illustrate weaker and stronger capital misallocation toward dirty firms, respectively.

Panel 1.3(a) shows that, when misallocation is tilted toward dirty firms, a higher τe

reduces MRPK dispersion and alleviates capital misallocation by reallocating capital from

dirty to clean firms; the correction is stronger when the initial misallocation is larger.

Panel 1.3(b) shows that τe always increases MRPL dispersion, thereby exacerbating labor

misallocation. These opposing effects on capital and labor allocation determine how τe

influences the overall misallocation of resources and aggregate TFP. Panels 1.3(c) and

(d) replicate Proposition 1.3: with capital misallocation tilted toward dirty firms, τe

improves allocative efficiency up to a threshold at which TFP is maximized and resource

misallocation is minimized. Intuitively, at modest tax rates the reduction in capital

misallocation dominates, raising TFP; beyond a critical threshold, the increase in labor

misallocation prevails. Accordingly, there exists a tax interval τe ∈ [0, τ̄e] within which

τe enhances TFP performance in the model economy, and the TFP-maximizing upper

bound τ̄e increases with the extent to which capital misallocation is tilted toward dirty
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firms. By contrast, when there is no pre-existing capital misallocation (Cov(τki, ωi) = 0),

a carbon tax distorts the allocation of both factors and unambiguously lowers TFP. These

results underscore an allocative efficiency channel that much of the existing literature

often abstracts from when assessing the impacts of carbon taxes.

Optimal Carbon Tax. I now study the welfare implications of the allocative efficiency

channel on the optimal carbon tax design. To keep the focus on tax-induced reallocation

across firms, the household side is designed to be simple. A representative household

supplies fixed endowments of capital K and labor L at competitive factor prices, and

consumes the final good. The household also endures a utility cost from carbon emissions.

Preferences are given by

U = log Y −mE (1.23)

with aggregate emissions E =
∑N

i=1 ei and marginal external cost of emissions m > 0.

Because climate damages enter additively, they do not affect firms’ static input choices;

the tax influences allocations solely through firms’ optimal decisions.

Let τ ∗e denote the welfare-maximizing carbon tax subject to the competitive equilibrium

in Definition 1.1. In an environment with two market imperfections–climate externality

and capital misallocation–τ ∗e is the second-best (i.e., constrained-optimal) carbon tax,

because the constrained planner cannot perfectly undo the misallocation distortion. In

the absence of capital misallocation, the optimal carbon tax serves solely a Pigouvian

purpose by internalizing emissions damages. With Assumption 1 in Proposition 1.3, the

planner’s problem is equivalent to

max
τe

−σ
2
Var(ωi)τ

2
e − σαCov(τki, ωi)τe −mE(τe). (1.24)
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Figure 1.3: Impacts of τe on allocative efficiency and welfare: an illustrative example

Notes: The simulation features 10,000 firms. I set α = 0.30, σ = 3, K = 2, L = 1, and m = 0.002.
Firm log productivity log(zi) is normal with E(log zi) = 0 and Var(log zi) = 0.1, and is independent
of τki or ωi. Capital distortions τki and emissions intensity ωi are drawn from a bivariate normal:
E(τki) = 0, Var(τki) = 0.05; E(ωi) = 0.1, Var(ωi) = 0.05; Corr(τki, ωi) ∈ {0,−0.5,−1}, implying
Cov(τki, ωi) ∈ {0,−0.025,−0.05}. The figure plots misallocation indicators, aggregate TFP, and welfare
in consumption-equivalent variation, each normalized to the laissez-faire benchmark (τe = 0), across
different values of Cov(τki, ωi). More negative covariance reflects stronger misallocation of capital toward
dirtier firms.

28



The Implications of Capital Misallocation on Optimal Carbon Tax Chapter 1

yielding the first-order condition

σVar(ωi)τ
∗
e = −m ∂E

∂τe

∣∣∣∣
τe=τ∗e

− σαCov(τki, ωi) (1.25)

The planner’s first-order condition does not admit a closed-form solution. However, the

simplified characterization in (1.25) decomposes the marginal benefits and costs associated

with τ ∗e , offering insight into how τ ∗e depends on capital misallocation. The left-hand

side captures the marginal misallocation cost of increasing τe that lowers TFP. The

right-hand side comprises (i) the climate benefit from marginal externality correction,

−m ∂E
∂τe

∣∣∣
τe=τ∗e

> 0, and (ii) a reallocation benefit that raises TFP, −σαCov(τki, ωi), which

is positive when capital distortions favor dirty firms (Cov(τki, ωi) < 0).

Two implications follow immediately. First, when capital is inefficiently tilted toward

dirty firms, τ ∗e increases with |Cov(τki, ωi)|, holding the marginal climate benefit fixed

across settings. Figure 1.3(e) shows that as this tilt strengthens, (i) the welfare peak

shifts to the right, that is, the optimal carbon tax rises, and (ii) the peak height increases,

so the welfare gain at the optimum over the laissez-faire is larger. This is because a

stronger tilt expands the scope for the carbon tax to raise TFP by inducing more efficient

reallocation of capital away from dirty firms. The TFP-maximizing tax τ̄e in Figure 1.3(d)

corresponds to the optimum when climate damage is zero (i.e., m = 0)9; thus, even absent

climate damage, a carbon tax can raise welfare by improving resource allocation. Second,

the welfare-maximizing τ ∗e exceeds the TFP-maximizing level τ̄e because of the positive

climate benefit. Consistent with panels (d) and (e) of Figure 1.3, the optimal carbon tax

lies to the right of the TFP peak: internalizing emissions pushes the welfare optimum

above the purely reallocation-driven level.

These results underscore the carbon tax’s “double dividend” in the presence of capital

9In the simple model, total factor supply is fixed; hence, whenm = 0, ∆welfare = ∆ log Y = ∆ logTFP.
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misallocation: it mitigates the climate externality and improves allocative efficiency,

together implying a higher optimal carbon tax in this second-best setting than in a first-

best no-misallocation benchmark. Ignoring capital misallocation as a market distortion

therefore risks underestimating the optimal carbon tax.

1.4.3 Environmental Implications of Addressing Misallocation

I have shown that a carbon tax can improve both aggregate TFP and reduce climate

damages, taking the existing capital wedges and their covariance with emissions intensity

as given. In this section, I turn the focus to the potential impact of hypothetical policies

designed to eliminate the existing capital wedges τki such that all firms effectively face the

same marginal product of capital. Capital wedges that were larger in cleaner firms lead

to their allocation of capital and production activity being lower than the efficient level.

Thus, the existing capital market distortions tend to hinder aggregate output and make

it dirtier. Next I examine the effects of removing all capital wedges, i.e. setting τki = 0,

on aggregate TFP, output, and emissions. Intuitively, the removal of these wedges should

lead to the efficient allocation of capital across firms, particularly benefiting cleaner firms

that currently face larger capital wedges. The induced reallocation can consequently raise

aggregate TFP and output to their most efficient state, while simultaneously reducing

the economy-wide emissions intensity as cleaner firms now account for a larger share of

the aggregate production. I formalize this environmental impact of addressing capital

misallocation in Proposition 1.4.

Proposition 1.4. Assume 1) {log zi, logωi, log(1 + τki)} follow a joint normal distri-

bution, 2) Cov(τki, ωi) < 0 prior to removing τki, and 3) intermediate goods are gross

substitutes (σ > 1). Then eliminating capital wedges by setting τki = 0 unambiguously

reduces the economy-wide emissions intensity
(
E
Y

)
.
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Proof: The detailed proof is provided in Appendix Section A.

-0.05 -0.025 0
-30

-25

-20

-15

-10

-5

0

5

Figure 1.4: Impacts of addressing capital misallocation: an illustrative example

Figure 1.4 illustrates the impact of addressing the misallocation of capital that favors

dirty firms with the same simulation setup as in Figure 1.3. A more negative Cov(τki, ωi)

indicates greater misallocation in favor of dirty firms. As capital misallocation decreases,

both aggregate TFP and output Y improve, along with a notable reduction in aggregate

emissions E. The reduction in E and the improvement in Y both contribute to a decrease

in the aggregate emissions intensity of output, E
Y
. These results support Proposition 1.4,

showing that equalizing capital access for both dirty and clean firms can yield climate

benefits. While removing existing capital distortions is well known to enhance aggregate

productivity, the findings above underscore its significant environmental implications,

suggesting that policies promoting equal capital access for firms with different emissions

features could also help address climate challenges.
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1.5 Quantitative Model

This section develops a quantitative, dynamic climate-economy model that incorporates

financial frictions linked to firms’ heterogeneous emissions intensities via differences in asset

tangibility. The model adopts a heterogeneous-firm structure in the spirit of Gopinath

et al. (2017), but extends it to a general equilibrium environment with tangibility-based

borrowing constraints. The climate module includes a utility cost from cumulative

emissions. Unlike the static model, the quantitative framework features a variable

aggregate capital supply and endogenizes capital distortions through tangibility-dependent

financial frictions, consistent with the empirical evidence in Section 1.3.3.

1.5.1 Firms

Firms produce differentiated products with a Cobb-Douglas production function

yi,t = zi,tk
α
i,tl

1−α
i,t , where zi,t is firm i’s exogenous idiosyncratic TFP. Firm i’s total capital

is a Leontief composite of both tangible (kTi,t) and intangible capital (kIi,t) stock (Caggese

and Perez-Orive, 2022),

ki,t = min{
kTi,t
µi

,
kIi,t

1− µi

} (1.26)

where µi denotes the proportion of tangible capital in firm i’s total capital stock, capturing

the firm’s asset tangibility. For simplicity, it is assumed to be constant over time. Each

firm i produces carbon emissions as a by-product and has a firm-specific emissions intensity

per unit of revenue output, ωi:

Ei,t = ωi revi,t,

where revi,t = pi,tyi,t (1.27)
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The choice of revenue-based emissions intensity can be justified for the following reasons.

First, I observe firms’ sales revenue instead of physical output in the firm-level data, which

facilitates the calculation of revenue-based emissions intensity. Second, the modeling

assumption that firms have a constant emissions share in terms of sales has been applied

in a wide range of environmental models incorporating firm heterogeneity in emissions

intensity (Sogalla et al., 2024). Importantly, I assume ωi is related to µi in the following

functional form:

ωi = µϵ
i (1.28)

where ϵ > 0 represents a positive elasticity of emissions intensity with respect to the

share of tangible capital, in line with the empirical finding in Section 1.3.3 that firms

with a higher share of tangible capital tend to be more emissions intensive. The Leontief

structure in (1.26) implies that

kTi,t = µiki,t, k
I
i,t = (1− µi)ki,t, (1.29)

I assume for simplicity that both tangible and intangible capital face the same depreciation

rate δ, so that the law of motion for total capital follows:

ki,t+1 = (1− δ)ki,t + xi,t (1.30)

where firms’ total investment (xi,t) effectively comprises both tangible (xTi,t) and intangible

investments (xIi,t):

xTi,t = µixi,t, x
I
i,t = (1− µi)xi,t (1.31)
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It follows from condition (1.29) that the effective collateral value of firm i’s total capital,

denoted by θi, can be expressed as:

θi = µiθ
T + (1− µi)θ

I (1.32)

where θT and θI denote the collateral values of tangible and intangible capital, respectively.

The key assumption is that θT > θI , reflecting that lenders can seize and recover a larger

fraction of tangible assets than intangible ones in the event of default. In other words,

tangible capital is more pledgeable as collateral than intangible capital. This assumption

is supported by extensive empirical and theoretical literature on asymmetric information

in credit markets and the role of collateral in easing borrowing constraints (e.g., Almeida

and Campello, 2007; Dell’Ariccia et al., 2021; Caggese and Perez-Orive, 2022; Falato et al.,

2022). Consequently, condition (1.32) implies that a higher share of tangible capital µi

increases the collateral value of a firm’s total assets.

A perfectly competitive aggregate producer produces final output (Yt) as a CES bundle

of intermediate goods yit:

Yt =

(
N∑
i=1

y
σ−1
σ

i,t

) σ
σ−1

(1.33)

where σ is the elasticity of substitution between intermediate outputs. Each firm i is a

monopolistically competitive producer facing a downward-sloping demand curve,

yit = p−σ
it Dt (1.34)

where pi,t is firms’ output price and Dt denotes the aggregate demand shifter.

Firm i’s objective is to maximize the expected present discounted lifetime utility from
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its consumption (ci,t):

U f
i = max

{ci,t,xi,t,pi,t,li,t,ki,t+1,bi,t+1}∞t=0

E0

∞∑
t=0

βt
[
log(ci,t)−mẼt

]
(1.35)

by choosing labor (li,t), price, investment, capital, and debt (bi,t+1). The entrepreneur

in each firm passively faces a linear utility cost from the stock of cumulative emissions

(mẼt), which they ignore when making production decisions. m > 0 is the marginal

damage in each period from the cumulative carbon emissions (Ẽ) in the environment:

Ẽt =
t∑

t̃=0

N∑
i=1

Ei,t̃ (1.36)

I follow Casey et al. (2026b) in specifying a linear climate damage component in the utility

function. Golosov et al. (2014) introduce a climate economy model where they show that

damages from CO2 are linear in welfare under an exponential damage function on output

with atmospheric carbon concentrations, log utility and full capital depreciation. Traeger

(2023) establishes similar results in a fully calibrated climate model with partial capital

persistence. The intuition is that while warming temperature is strongly concave in CO2

concentration, damages are convex in temperature, yielding an overall linear welfare effect

of carbon emissions. I adopt this linear damage formulation straightforwardly, which offers

three advantages for the analysis. First, because I focus on U.S. outcomes, linear damages

imply that the welfare cost of U.S. emissions is independent of both historical emissions

prior to t = 0 and emissions originating abroad. Second, recent evidence indicates that

non-market damages represent a substantial share of the social cost of carbon (e.g. Climate

Impact Lab, 2022; Rennert et al., 2022; EPA, 2022), and these are readily incorporated

into the parameter m. Third, with the additively separable utility cost, climate damages

do not affect the dynamics of other macroeconomic variables, which greatly simplifies the
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model’s computational solution.

Firms hire labor, li,t, at a common wage wt, and borrow using one-period debt, bi,t+1

(> 0 if borrowing), from financial markets at a common interest rate rt. Firms can finance

their capital from external borrowing or internal funds (net worth). They face the budget

constraint given by,

ci,t + xi,t + (1 + rt)bi,t + τeEi,t = pi,tzi,tk
α
i,tl

1−α
i,t − wtli,t + bi,t+1 + TRt (1.37)

where firms pay carbon taxes on their emissions if τe > 0 and then each firm receives a

common transfer TRt. Firms are also subject to capital accumulation (1.30), investment

(1.31), demand function (1.34), and firm-specific borrowing constraint,

bi,t+1 ≤
θi(1− δ)ki,t+1

1 + rt+1

(1.38)

Condition (1.38) implies that the collateral value of a firm’s capital (θi) positively affects

its borrowing limit. The borrowing constraint thus indicates that a firm’s maximum

attainable debt is limited by the value of its pledgeable capital, which, according to

condition (1.32), is determined by the tangibility of the firm’s assets. This occurs because,

if the borrower defaults, the lender can only seize a fraction θi of the firm’s asset value.

In the model, financial frictions arise from these tangibility-based borrowing constraints.

Now denote firm i’s net worth as ait = kit − bit. Then the budget constraint can be

rewritten as

ci,t + ai,t+1 = pi,tzi,tk
α
i,tl

1−α
i,t − wtli,t − (r + δ)kit − τeEi,t︸ ︷︷ ︸

πit

+(1 + rt)ait + TRt (1.39)

where the firm effectively maximizes a static profit first and then decides on intertemporal
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consumption and savings (net worth a′). Thus in my model, the setup where firms own

and accumulate capital is equivalent to the setup with a rental market of capital. And

the firm’s borrowing constraint can be rewritten as

ki,t+1 ≤
1 + rt+1

1 + rt+1 − θi(1− δ)
ai,t+1 (1.40)

so that firm’s maximum capital will be constrained by its net worth accumulation.

Recursive Formulation. The firm’s problem can be rewritten in the recursive form. I

rewrite a = k − b as a single state variable defined as firm’s net worth. I assume that at

the end of each period t, firms’ productivity shocks zi,t+1 can be observed. Given this

information, firms can choose to borrow bi,t+1 to finance capital ki,t+1 after knowing the

next-period productivity zi,t+1. This assumption effectively makes capital input a static

choice and productivity-contingent10. A firm of type µ, with state (z, a) at the beginning

of each period, faces a value function V (z, a, µ),

V (z, a, µ) = max
c,a′

log c+ βEV (z′, a′, µ) (1.41)

where V (z, a, µ) is independent of the climate damage term since firms do not account

for the negative externality from firms’ emissions in making intertemporal decisions; it

chooses consumption (c) and next-period net worth (a′) subject to the budget constraint,

c+ a′︸︷︷︸
k′−b′

= π + (1 + r) a︸︷︷︸
k−b

+TR (1.42)

where π is the firm’s maximized profits within the period and TR is the lump-sum transfer

10In this sense, I will focus on financial frictions as the only source for capital misallocation.
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to firms from the government; and the borrowing constraint,

k′ ≤ κ′a′, (1.43)

where κ′ =
1 + r′

1 + r′ − θ(1− δ)
, (1.44)

θ = µθT + (1− µ)θI (1.45)

The Euler equation over consumption can be expressed as:

1

c
= βE

[
1

c′
(1 + r′ + λ′κ′)

]
(1.46)

in which the Lagrangian multiplier λ on the borrowing constraint enters the Euler equation.

Therefore the expectation of a binding borrowing constraint in the future raises the net

worth accumulation.

Within the current period, taking interest rate (r), wage (w), and carbon tax rate

(τe) as given, a firm with the state vector (z, a, µ) solves a static profit maximization by

choosing price (p), capital (k), and labor (l):

π = max
p,k,l

py − τeE − wl − (r + δ)k (1.47)

subject to the production function y = zkαl1−α, the demand function y = p−σD with D

denoting the aggregate demand shifter, and the borrowing constraint:

k ≤ κa, (1.48)

where κ =
1 + r

1 + r − θ
, (1.49)

θ = µθT + (1− µ)θI . (1.50)
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The first-order conditions for labor, capital and price are given by:

(1− τeµ
ϵ)(1− α)

py

ηl
= w (1.51)

(1− τeµ
ϵ)α

py

ηk
= r + δ + λ (1.52)

p = ηMC (1.53)

where η = σ
σ−1

denotes the firm’s constant markup of price over marginal cost. I present the

full solution to firm’s problem in Appendix A. The optimal capital decision indicates that

in the laissez-faire setting (i.e. τe = 0), all firms would face the same MRPK := αpy
ηk

= r+δ

if the borrowing constraint does not bind for any firm, that is, the Lagrangian multiplier

associated with the borrowing constraint λ equals zero. In the case of binding borrowing

constraints, financial frictions lead to the dispersion of MRPK across firms, and the return

to capital increases with the firm’s borrowing tightness captured by a higher λ. On the

other hand, the allocation of labor across firms is undistorted by financial frictions in the

laissez-faire.

1.5.2 Workers

There is a mass L of workers. Each worker is hand-to-mouth and simply consumes

all the labor income (wtL) in each period. Similar to firms, workers also have log utility

over the consumption stream and are subject to a linear welfare cost from cumulative

emissions. Their lifetime utility, without any uncertainty, is thus defined as:

Uw =
∞∑
t=0

βt
[
log(wtL)−mẼt

]
. (1.54)
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1.5.3 Government

The government manages the use of carbon tax revenue collected from firms in each

period. The government maintains a balanced budget in each period where it simply

exhausts all tax revenues to finance the lump-sum transfers to firms. Regarding the

tax-rebate scheme, I assume the total revenue is equally split among the firms,

N∑
i=1

TRt = τe

N∑
i=1

Ei,t (1.55)

such that each firm receives a fixed amount of payment TRt in its period-t budget

constraint. Different approaches to tax rebates among heterogeneous agents can potentially

lead to varying welfare outcomes (e.g., Fried et al., 2024). However, as long as the

redistribution of tax revenues is not structured to favor dirty firms, the positive impact of

carbon taxes on allocative efficiency should always hold.

1.5.4 Recursive Competitive Equilibrium

I can now provide the definition of a general equilibrium, with a focus on the steady

state (stationary equilibrium) of the model economy11.

A stationary recursive competitive equilibrium conditional on a carbon tax (τe)

includes value functions V (z, a, µ) for firms; policy functions capital k(z, a, µ), labor

l(z, a, µ), price p(z, a, µ), consumption c(z, a, µ), and net worth a′(z, a, µ) for firms; a

stationary probability distribution over firms Γ(z, a, µ); constant factor prices (w, r); and

constant aggregate quantities including capital, output, investment, consumption, flow

emissions and tax revenues, such that:

• Taking all prices, taxes, transfers and emissions as given, the policy functions and

11This paper currently focuses on the steady state of the economy. Solving for the entire transition
path from the pre-tax to the post-tax stationary equilibrium will be addressed in future work.
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value functions solve the maximization problems for firms.

• All markets clear, including

– Goods market clears: Y = C + I =
∫
Z

∫
A

∫
µ
p(z, a, µ)y(z, a, µ)dΓ(z, a, µ) = D, where C is

the sum of firms’ and households’ consumption.

– Labor market clears: L =
∫
Z

∫
A

∫
µ
l(z, a, µ)dΓ(z, a, µ)

– Asset market clears:
∫
Z

∫
A

∫
µ
a′(z, a, µ)dΓ(z, a, µ) =

∫
Z

∫
A

∫
µ
k′(z, a, µ)dΓ(z, a, µ)

• Aggregate flow emissions satisfies E =
∫
Z

∫
A

∫
µ
e(z, a, µ)dΓ(z, a, µ).

• Government maintains a balanced budget: T̄ = τe
∫
Z

∫
A

∫
µ
e(z, a, µ)dΓ(z, a, µ)

• The distribution of firms Γ(z, a, µ) is stationary and consistent with the distribution

of µ, evolution of z, and decision rules a′:

Γ(z′, a′, µ) =

∫
Z

∫
A

∫
µ

1 {(z′, a′, µ) transition from (z, a, µ)} dΓ(z, a, µ)

1.5.5 TFP and Welfare

Measurement of TFP. Because capital choice is determined after observing the produc-

tivity shocks, the aggregate production function at each point in time can be expressed

as:

Lemma 1.5. With firms’ MRPK defined in equation (1.52), the aggregate production

function in the model economy can be written as:

Y =

[∫
i

(
(1−τeµϵ

i)zi
(mrpki /(r+δ))α

)σ−1

di

] σ
σ−1

(∫
i

(1−τeµϵ
i))

σzσ−1
i

(mrpki /(r+δ))1+α(σ−1)di
)α (∫

i

(1−τeµϵ
i))

σzσ−1
i

(mrpki /(r+δ))α(σ−1)di
)1−αK

αL1−α (1.56)
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where K =
∫
i
kidi and L =

∫
i
lidi are the aggregate capital and labor supply; and the

aggregate TFP is measured by

TFP =

[∫
i

(
(1−τeµϵ

i))zi
(mrpki /(r+δ))α

)σ−1

di

] σ
σ−1

(∫
i

(1−τeµϵ
i))

σzσ−1
i

(mrpki /(r+δ))1+α(σ−1)di
)α (∫

i

(1−τeµϵ
i))

σzσ−1
i

(mrpki /(r+δ))α(σ−1)di
)1−α (1.57)

The derivation of aggregate TFP is similar to that in Lemma 1.2 of the simple model,

except that the firms’ MRPK is now determined endogenously rather than from exogenous

capital wedges. Consequently, TFP endogenously depends on the magnitude of carbon tax,

distribution of firm-specific productivity, distribution of capital tangibility, the equilibrium

rental rate of capital, the tightness of borrowing constraint for each firm.

Welfare. Since both firms and workers enjoy consumption in the model economy, it’s

crucial to properly define the welfare function in the heterogeneous agent economy in

order to analyze the optimal climate policy. Incorporating the climate damage, I compute

measures of firms’ welfare, workers’ welfare and aggregate welfare at any time t.

Lemma 1.6. The lifetime welfare of firms (W f
t ) and workers (Ww

t ), and the aggregate

social welfare (W̄t) at time t takes the form:

W f
t =

∫
Vt(z, a, µ) dΓt(z, a, µ)−

∞∑
s=t

βs−t m

1− β
Es (1.58)

Ww
t =

∞∑
s=t

βs−t log(wsL)−
∞∑
s=t

βs−t m

1− β
Es (1.59)

W̄t = ΘW f
t + (1−Θ)Ww

t , (1.60)

where Θ is the Pareto weight of firms.

Lemma 1.6 informs that the firms’ welfare depends on two terms, an aggregation of the
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value function over the probability distribution of firms, as well as the lifetime utility cost

from cumulative emissions. The workers’ welfare depends on both the present discounted

value of wage payments and the lifetime utility cost from emissions similar to the firms.

Since the climate change damage arises from cumulative emissions in the environment,

in each period, each additional unit of emissions leads to a marginal lifetime utility cost

of m
1−β

. The aggregate welfare is a weighted sum of firms’ and workers’ welfare, with

the Pareto weight of firms (Θ) describing the relative importance assigned to the firms’

well-being. The straightforward computation of welfare functions allows me to study how

variations in carbon taxes τe differentially affect the welfare. In the later welfare analysis,

I present the welfare outcomes in terms of permanent consumption equivalent variation

(CEV), the derivation procedure of which is detailed in Appendix A.

I assume that a benevolent social planner ’s objective is to maximize the aggregate

welfare of the society, W̄t, by varying the carbon tax τe. Since I focus on steady state

outcomes, the (Pareto) optimal carbon tax in the model is defined to be the τe that

maximizes W̄t in the steady state, i.e. the stationary equilibrium.

1.6 Model Calibration

The model is annual. I calibrate the model to the U.S. using firm-level balance-sheet

and emissions data from Compustat and Trucost. Table 1.3 summarizes the parameter

values for the baseline model of tangibility-dependent financial frictions.

I choose the conventional values for the set of parameters on preferences and production

structure (β, δ, α, σ). Following Gopinath et al. (2017), I set the discount factor β = 0.87,

depreciation rate δ = 0.06, and capital share α = 0.35. The elasticity of substitution is

set at σ = 3, a standard value for measuring imperfect substitution between intermediate

products (e.g. Hsieh and Klenow, 2009; Gopinath et al., 2017). In the model, the two
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Table 1.3: Baseline calibration

Description Parameter Value Source

Discount factor β 0.87 Gopinath et al. (2017)

Depreciation rate δ 0.06 Gopinath et al. (2017)

Capital share α 0.35 Gopinath et al. (2017)

Elasticity of substitution σ 3 Standard

Collateral value: tangible θT 0.9 Falato et al. (2022)

Collateral value: intangible θI 0.0 Falato et al. (2022)

Productivity persistence ρz 0.87 Compustat

Productivity standard deviation σz 0.20 Compustat

Tangibility deciles µ1,2,...,10 see Table 1.4 Compustat

Emissions intensity elasticity w/ tangibility ϵ 0.31 Compustat & Trucost

Flow climate damage m 0.034 Calibrated

Table 1.4: Tangibility deciles

µ1 µ2 µ3 µ4 µ5 µ6 µ7 µ8 µ9 µ10

0.02 0.04 0.07 0.09 0.12 0.16 0.22 0.31 0.46 0.74

parameters on the pledgeability of assets, θT and θI , govern the firm-specific tightness of

the borrowing constraint. For my baseline model, I choose θT = 0.9 and θI = 0 based on

the collateral values provided in Falato et al. (2022)12.

I then directly estimate the parameters governing firm productivity, asset tangibility,

and emissions - (ρz, σz, µ, ϵ) - using firm-level balance sheet data from Compustat and

emissions data from Trucost. The productivity process is estimated via the following

AR(1) specification:

log z̃it = ρz log z̃it−1 + γi + γst + uit (1.61)

12The authors estimate that the pledgeability of tangible assets lies between 0.9 and 1, while the
pledgeability of intangible asset - except for patents and brands - is effectively zero. To allow for the
possibility that certain intangible assets, such as intellectual capital, may have some collateral value, I
also test the model with a modestly positive θI = 0.1. The resulting simulation shows no quantitative
differences from the baseline calibration.
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where γi denotes firm fixed effects and γst the 2-digit industry-year fixed effects. The

term z̃it is the estimated firm-level productivity constructed using the GMM method

in Wooldridge (2009). To mitigate the downward bias in the estimated autoregressive

coefficient that arises in short panels with firm fixed effects and a lagged dependent

variable, I estimate regression (1.61) using a firm sample extended back to 1980, restricted

to firms with at least one carbon-emissions observation and continuous coverage over the

extended period. Details on the construction of extended firm sample and the estimation

of z̃it are provided in Appendix A. The regression results yield a persistence parameter

ρz = 0.87, and a standard deviation of productivity shocks σz = 0.20 from the average

cross-sectional standard deviation of residuals uit.

In the model, I choose to model 10 distinct types of the firms’ asset tangibility (µi)

based on the empirical distribution. Table 1.4 displays the results. In the data, the asset

tangibility is averaged over time for each individual firm. The 10 unique types of µi

are then set to the average values of 10 deciles of the asset tangibility distribution from

the data. In period 0 of the model, each firm’s tangibility is exogenously and randomly

selected from these 10 types with equal probability, and remains permanent once chosen.

To determine ϵ, the elasticity of firm’s emissions intensity to asset tangibility, I run the

following panel regression of the logarithm of revenue-based emissions intensity on the

logarithm of tangibility,

logωit = ϵ log µit + γst + uit, (1.62)

where the 2-digit industry-year fixed effect γst is included. I obtain ϵ = 0.31 from the

regression result.

Lastly, I calibrate the flow damage parameter from emissions, m, using the U.S. data

of carbon emissions and GDP, as well as the recent estimate of the social cost of carbon.
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I choose the value for m = 0.034 such that the optimal carbon tax in the benchmark

model with no financial frictions (κ = ∞) matches the recent social cost of carbon

emissions at $120/tCO2 from EPA (2022)13. Since the carbon taxes (τe) in the model are

in abstract units, I convert the model units of τe to the real-world units in U.S. dollars.

This is achieved through a back-of-the-envelope calculation by aligning the proportions of

potential tax revenue in the U.S. GDP calculated from the model and the data. Details

of this procedure are documented in Appendix A.

1.7 Quantitative Results

In this section, I first evaluate the calibrated model and compare its performance to

the benchmark model commonly used in the literature in replicating firm-level patterns

observed in the data. I then discuss the results from policy counterfactuals focusing on

carbon taxes and the removal of financial frictions.

1.7.1 Model Validation

To evaluate the model’s ability to replicate key empirical patterns, I compare the

baseline model with tangibility-dependent financial frictions to a benchmark model that

abstracts from such frictions, a conventional setup in the optimal climate policy literature.

In the baseline model, I set the two parameters governing the financial frictions to θT = 0.9

and θI = 0, and keep all other parameters at their calibrated values reported in Table

1.3. Therefore, firms’ borrowing (collateral) constraints relate to their emissions intensity

through variation in asset tangibility, generating heterogeneous financial frictions across

firms (with clean firms being more financially constrained). I thus refer to the baseline

13This calibration target is chosen as the majority of studies on the social cost of carbon and Pigouvian
carbon tax do not consider the effects from financial frictions.
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model as “HeFF” (heterogeneous financial frictions). The benchmark model, denoted

“NoFF” (no financial frictions), removes financial frictions by setting κ = ∞ while keeping

all other parameters unchanged, rendering the borrowing constraint non-binding so that

all firms are financially unconstrained. Both models are evaluated under the laissez-faire

scenario (τe = 0), reflecting the current absence of a nationwide carbon tax in the United

States.

Model Fit. Table 1.5 evaluates the models’ performance against the data by reporting a

set of firm-level moments in the cross section that were not targeted during calibration.

These untargeted moments capture the cross-sectional patterns of capital misallocation

and heterogeneity in firms’ financial conditions. Comparing the HeFF model with the

data assesses how well the baseline model reproduces empirical firm-level patterns, while

comparing between the HeFF and NoFF models demonstrates how these moments change

when heterogeneous financial frictions are omitted during calibration. Overall, the HeFF

model matches the data moments more closely than NoFF, indicating that incorporating

heterogeneous financial frictions improves the model’s ability to capture key aspects of

firms’ behavior in emissions, production and financing conditions. Conversely, the NoFF

model fails to replicate these empirical patterns.

First, only the HeFF model generates imperfect (yet positive) correlations between

firm-level productivity (log z) and both capital and output (log k and log y), as well as

a positive correlation with the marginal revenue product of capital (logMRPK) seen in

the data. Financial frictions in the HeFF model impede capital from flowing to its most

productive uses, so firm productivity does not perfectly predict capital or output. This

capital misallocation is reflected in systematically higher MRPK among more productive

firms: firms experiencing higher productivity shocks have incentives to build up higher

capital but might be constrained to do so due to financial frictions, thus log(MRPK)
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Table 1.5: Firm-level cross-sectional moments: model vs. data

Moment Data HeFF NoFF

Corr(log k, log z) 0.52 0.87 1.00

Corr(log y, log z) 0.90 0.98 1.00

Corr(logMRPK, log z) 0.52 0.53 0.00

Corr(log k, logω) 0.18 0.09 0.00

Corr(log y, logω) 0.01 0.04 0.00

Corr(logMRPK, logω) -0.28 -0.14 0.00

Corr(leverage, logω) 0.12 0.61 0.00

Corr(cash, logω) -0.27 -0.06 0.00

Notes: Moments are not targeted in the model calibration. Model moments (HeFF and NoFF) are
computed from the cross section of simulated firms in the stationary equilibrium. Firm leverage is defined

as
max{b,0}

k
, and cash holdings as

|min{b,0}|
k

. Data moments are computed from the cross section of
firms in the sample and averaged over the period 2002-2021. The construction of firm-level variables in
the data follows the definitions provided in Section 1.3.

will be higher for these firms. In contrast, in the absence of financial frictions, capital is

allocated efficiently, implying that all firms face the same MRPK. Consequently, log z is

perfectly correlated with log k and log y, and there is no dispersion in logMRPK in the

NoFF model.

Next, I demonstrate that the baseline HeFF model successfully replicates the misal-

location patterns across firms with differing emissions intensities observed in the data,

which arises from the main novel mechanism introduced in this paper. Empirically, firms’

emissions intensity (logω) is positively correlated with capital (log k), only weakly corre-

lated with output (log y), and negatively correlated with the marginal revenue product

of capital (logMRPK). The baseline HeFF model reproduces these patterns. In the

HeFF model, capital is misallocated toward dirtier firms, which are not necessarily more

productive. Because dirty firms can borrow more easily against tangible capital, they tend

to face weaker borrowing constraints, accumulate more capital without a commensurate
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increase in output, and consequently exhibit lower returns to capital (lower MRPK)14.

The same mechanism also explains the observed relationship between firms’ financial

conditions and their emissions intensity. Consistent with the data, the HeFF model

generates a positive correlation between leverage (debt-to-assets ratio) and logω, and

a negative correlation between cash holdings (cash-to-assets ratio) and logω. These

patterns arise naturally from firms’ optimal financing decisions in the baseline model.

Dirty firms can sustain higher leverage due to their lower shadow costs of external finance,

captured by lower λ in model condition (1.52). In contrast, clean firms are more likely to

be constrained in their external finance and thus accumulate more internal savings as a

precautionary buffer to relax future borrowing constraints when investment opportunities

arise.

The NoFF model, which abstracts from financial frictions, exhibits no systematic

relationship between logω and firm-level outcomes, suggesting its inability to capture the

key misallocation patterns observed in the data. As supporting evidence, Appendix A plots

the model-implied cross-sectional variation in firm outcomes against emissions intensity,

illustrating the role of tangibility-dependent financial frictions in driving misallocation

toward dirty firms.

14The negative correlation between logMRPK and logω in the HeFF model is somewhat muted
relative to the data, suggesting additional factors may contribute to this relationship. For instance, some
emissions-intensive firms may be older and politically connected firms with outdated capital that enjoy
easier access to financing, or there may exist firm-specific frictions or policy distortions correlated with
emissions characteristics. Nonetheless, my results provide a conservative lower bound on the impact of
capital misallocation on the optimal carbon tax. With stronger misallocation toward dirtier firms, the
allocative efficiency gains from a carbon tax would likely be amplified, implying an even higher optimal
carbon tax.
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1.7.2 Allocative Efficiency and Macroeconomic Implications of

Carbon Tax

Having shown the success of the baseline model in replicating key aspects of firm-level

data, I now conduct a series of counterfactual policy experiments by introducing and

varying carbon taxes τe. The experiments evaluate the allocative efficiency, macroeconomic,

and distributional impacts of carbon taxes in both the baseline HeFF model and the

benchmark NoFF model. The goal is to assess welfare implications and study the optimal

carbon tax in each model scenario. Comparing these optima highlights the quantitative

importance of accounting for tangibility-dependent financial frictions when designing

optimal climate policy in a second-best world with capital misallocation.

For each policy scenario, I solve for the stationary equilibrium of the model conditional

on different values of carbon tax τe and compute the corresponding model outcomes. The

simulations span τe ∈ [$0, $440]/tCO2. In the discussion below, I refer to the case where

τe = 0 as the laissez-faire scenario.

Aggregate Implications of Carbon Tax. Figure 1.5 plots the allocative efficiency

outcomes, i.e. TFP performance and capital misallocation, against τe for HeFF and NoFF

models. Figure 1.5(a) describes the responses in aggregate TFP conditional on different

values of τe. Specifically, it plots the changes relative to laissez faire in the difference

between log(TFP) and its efficient level, log(TFPe). A higher point along each curve

indicates that TFP is higher and closer to the efficient level and that the economy is

moving towards the most efficient allocation in each model. For the baseline HeFF model

with tangibility-dependent financial frictions, the inverse-U-shaped TFP curve against τe

shows that intuition from the simple model in Section 1.4 also holds in the quantitative

model. Consistent with the finding of Proposition 1.3, carbon taxes can improve TFP and
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there exists a TFP-maximizing tax rate under financial frictions favoring dirty firms. The

maximum TFP gain occurs at $275/tCO2, because the tax mitigates misallocation by

prompting a reallocation of capital from less financially constrained dirty firms to more

constrained clean firms, leading to a more productive use of capital. Strikingly, TFP

remains improved over the laissez faire for taxes up to $550/tCO2
15.
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Figure 1.5: Impacts of carbon tax on TFP

Notes: All outcomes are shown relative to laissez-faire (LF) levels in each model.

By contrast, a higher τe in the NoFF model unambiguously lowers TFP and amplifies

the misallocation, as there is no reallocation benefit when financial frictions are absent,

and that a higher carbon tax continues to distort the economy farther away from the

efficient allocation. Figure 1.5(b) plots the dispersion of firms’ return to capital for

different τe, measured by changes in the standard deviation of log(MRPK) relative to

laissez-faire. Even though changes in the dispersion of MRPK do not map one-to-one

to changes in TFP performance, this dispersion metric is an informative indicator of

capital misallocation that contributes to TFP losses. In the HeFF model, the dispersion

15The simulated results beyond τe = $440/tCO2 are not shown in Figure 1.5 due to space limitations.
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Figure 1.6: Impacts of carbon tax on macroeconomic variables

Notes: All outcomes are shown relative to laissez-faire (LF) levels in each model.

of MRPK consistently declines as τe rises, highlighting that carbon taxes can improve

capital allocation when heterogeneous financial frictions are present. In contrast, MRPK

dispersion rises with τe in the NoFF model, showing that ignoring misallocation from

financial frictions can cause carbon taxes to merely worsen capital allocation.

In addition, I plot the responses of macroeconomic variables against τe in Figure 1.6.

Figures 1.6(a) and (b) plot aggregate output and capital, respectively. In both models,
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higher taxes dampen the accumulation of capital and depress output in the dynamic

setting. However, the HeFF model exhibits a more muted decline compared with NoFF,

because higher TFP gains from carbon taxes boost aggregate capital demand by increasing

the marginal return to investment, which partially offsets the decline in aggregate capital

supply caused by the taxes. Figures 1.6(c) and (d) present aggregate emissions and

emissions intensity of output, both of which decrease as carbon tax rises. Similarly, the

HeFF model shows a slightly smaller reduction in emissions outcomes relative to NoFF.

Cross-sectional Implications of Carbon Tax. I next examine how cross-sectional

outcomes shape the aggregate results discussed above. Figure 1.7 illustrates how a carbon

tax reshapes the allocation of capital across firms by reporting firms’ share of total capital

and their average log(MRPK) for each emissions intensity decile. For both models, I

compare outcomes under τe = $275/tCO2—the TFP-maximizing rate in the baseline

HeFF model—to those under laissez-faire (τe = 0).

Figures 1.7(a) and (b) show that in the laissez-faire equilibrium of the HeFF model,

capital is initially concentrated among dirty firms, and the average log(MRPK) declines

with emissions intensity. Implementing the TFP-maximizing carbon tax induces a

reallocation of capital from dirty to clean firms: the top four deciles experience reductions

in capital shares, while the bottom five gain. Because capital is initially skewed toward

dirty firms, this reallocation compresses cross-group disparities in capital holdings, moving

the economy closer to the efficient allocation characterized by equalized marginal products

of capital. Consequently, the MRPK gap between clean and dirty firms narrows, as the

negative slope of MRPK with respect to emissions intensity becomes less pronounced. This

compression in cross-group MRPK also explains the decline in overall MRPK dispersion

shown in Figure 1.5(b), highlighting that the TFP gains in Figure 1.5(a) primarily arise

from a more efficient reallocation of capital from dirty to clean firms.
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Figure 1.7: Impacts of carbon tax on reallocation of capital across firms

By contrast, Figures 1.7(c) and (d) show that in the NoFF model, the laissez-faire

equilibrium is already close to the efficient allocation: capital shares are relatively uniform

across emissions-intensity deciles, and MRPK is essentially flat across firm types. An

identical increase in τe reallocates capital from dirty to clean firms, making the capital

distribution less even across these groups. In this case, the carbon tax amplifies MRPK

differences between clean and dirty firms, moving the economy away from the efficient

allocation. This pattern is consistent with the rise in overall MRPK dispersion and the
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decline in TFP associated with the tax in the NoFF model, shown in Figures 1.5(b) and

(a) respectively.

Optimal Carbon Tax. For the welfare analysis, I set the Pareto weight of firms (Θ) in

the aggregate welfare function in equation (1.60) to match their consumption share in

the laissez-faire equilibrium of the baseline HeFF model, which yields Θ = 0.5416. This

calibration implicitly assumes that the relative importance, or bargaining power of firms

and workers in aggregate welfare is proportional to their respective consumption shares.
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Figure 1.8: Impacts of carbon tax on aggregate welfare (CEV)

Notes: All welfare outcomes are shown as permanent consumption equivalents in percentage relative to
laissez faire in each model.

Figure 1.8 plots aggregate steady-state welfare as a function of the carbon tax, measured

in terms of the permanent consumption equivalent variation (CEV) relative to laissez-faire

16The firms’ consumption share is approximately the same in the laissez-faire equilibria of both models.
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in each model.17 It also reports the steady-state welfare-maximizing carbon tax in each

case. In the benchmark NoFF model, the optimal carbon tax (τ *NoFF
e ) equals $120/tCO2

18,

whereas in the baseline HeFF model, the optimal tax (τ *HeFF
e ) equals $210/tCO2. Thus,

the presence of tangibility-dependent financial frictions raises the optimal carbon tax by

about 75% relative to the Pigouvian benchmark in the frictionless economy.

This result highlights that when capital misallocation arises from tangibility-dependent

financial frictions, the optimal carbon tax exceeds the Pigouvian level, consistent with the

theoretical insight from Section 1.4. It also reveals a “double dividend” effect: a carbon

tax not only reduces emissions but also enhances TFP in the presence of financial frictions.

However, in the baseline model, the optimal carbon tax ($210/tCO2) remains below the

level that would maximize TFP gains ($275/tCO2), since excessively high taxes depress

aggregate capital and output, which tends to lower welfare. Nonetheless, the TFP gains

in the HeFF model mitigate the contraction in capital accumulation shown in Figure

1.6(b), resulting in a higher optimal carbon tax than in the frictionless benchmark.

The welfare implications also differ in magnitude between models. In the HeFF model,

moving from laissez-faire to τ *HeFF
e increases steady-state welfare by the equivalent of a

0.32% permanent rise in consumption, whereas in the NoFF model, the corresponding

welfare gain under τ *NoFF
e is only 0.14%. Furthermore, welfare remains above the laissez-

faire level for carbon taxes up to $367/tCO2 in the HeFF model and only $262/tCO2 in

the NoFF model, indicating a substantially broader range of welfare-improving tax rates

in the presence of financial frictions. In Appendix Section A, I report welfare outcomes

for firms and workers, respectively.

17Appendix A details the computation of welfare in CEV terms.
18This value serves as the calibration target for the climate damage parameter m in Section 1.6.
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1.7.3 Aggregate and Environmental Implications of Removing

Financial Frictions

In this section, I abstract from carbon tax and examine the aggregate implications of

removing financial frictions by comparing outcomes in the HeFF and NoFF economies

under laissez-faire. Comparing these two model economies provides insight into how

hypothetical policies that address existing financial frictions—and the associated capital

misallocation—could affect aggregate output, emissions, and welfare. Conceptually, this

experiment parallels the counterfactual exercise in Section 1.4.3 using the static model.

Table 1.6 presents aggregate outcomes and relative changes in both models. Aggregate

output Y in the NoFF economy exceeds that in HeFF by 6.21 percent, owing to productivity

gains associated with the removal of financial frictions. In the HeFF model, the TFP

loss equals 2.32 percent, which is expressed as the percentage deviation of TFP from the

efficient allocation. Removing financial frictions fully eliminates this allocative inefficiency,

thereby achieving the efficient allocation of capital across firms in the NoFF model. Unlike

the static model, which holds aggregate capital fixed, the quantitative model features an

endogenous aggregate capital supply that responds to changes in TFP. As productivity

improves, the equilibrium interest rate rises19, inducing further capital accumulation. This

amplification channel magnifies the impact of the TFP improvement on output, yielding

a larger increase in Y than the TFP gain alone would imply.

Regarding the environmental outcomes, aggregate emissions E rise by 4.75 percent

following the removal of financial frictions, largely due to higher output. The increase

in emissions, however, is smaller than the rise in Y, resulting in a 1.37 percent decline

in aggregate emissions intensity (E/Y). This pattern is consistent with Proposition 1.4:

as financial constraints that disproportionately bind clean firms are relaxed, capital

19The equilibrium interest rate rises from r = 0.10 in HeFF to r = 0.14 in NoFF.
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reallocates from high- to low-emissions producers, lowering the economy-wide emissions

intensity.

Lastly, aggregate welfare increases substantially. The elimination of financial frictions

generates a welfare gain equivalent to a 4.5 percent permanent increase in consumption -

an order of magnitude larger than the 0.32 percent welfare improvement achieved under

the optimal carbon tax when financial frictions are present.

Table 1.6: Aggregate implications of addressing financial frictions

Variable HeFF NoFF %∆

Y 1.205 1.280 +6.21%

E 0.692 0.725 +4.75%
E
Y

0.575 0.567 −1.37%

TFP loss -2.32% 0

Welfare (CEV) 0 4.5%

Notes: Output (Y ), emissions (E), emissions intensity (E
Y
) are reported in model units for

each economy, with the last column showing percentage differences between NoFF and HeFF.
TFP loss is measured as the percent deviation of aggregate TFP from its efficient level. Welfare
is expressed as the permanent consumption-equivalent variation relative to the baseline HeFF
model.

1.8 Conclusion

This paper examines how carbon taxes interact with financial frictions that distort

capital allocation across firms with differing emissions intensity. Using data on U.S. public

firms, I document a robust negative relationship between emissions intensity and the

marginal revenue product of capital, indicating that capital is inefficiently allocated toward

dirtier firms. Moreover, dirty firms hold more tangible capital and exhibit higher leverage.

These empirical patterns point to a misallocation of capital in favor of dirty firms due to

tangibility-dependent financial frictions: dirty firms possess more tangible assets and have

greater borrowing capacity because of the higher collateral value of their assets, whereas
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clean firms, with more intangible assets, face tighter constraints in accessing credit.

Building on this evidence, I develop climate-economy models with heterogeneous firms

to analyze how carbon taxes affect allocative efficiency and welfare in an environment

with capital misallocation. I provide both analytic insights and quantitative results on the

“double dividend” effects of carbon taxes: reducing emissions while improving aggregate

productivity. The productivity gains arise from tax-driven capital reallocation from less

financially constrained, dirty firms to more constrained, clean firms. The resulting welfare

improvements imply that the optimal carbon tax under pre-existing capital misallocation

exceeds the Pigouvian tax in a benchmark economy without misallocation. Furthermore,

policies that address capital misallocation by removing financial frictions alone can

reduce aggregate emissions intensity by shifting resources toward clean production, while

simultaneously boosting productivity and output, yielding even higher welfare gains than

imposing a carbon tax alone. In conclusion, these analyses highlight the importance of

recognizing the sources and biases of existing capital misallocation in designing climate

policies that jointly advance environmental and economic objectives.
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Chapter 2

Energy Efficiency Dynamics and

Climate Policy

2.1 Introduction

Many national governments are instituting policies meant to reduce carbon emissions.

How effective will these climate change mitigation policies be at reducing carbon emissions?

We address this question in a quantitative, dynamic macroeconomic model that includes

energy as an input to production. The key benefit of the model is that it has realistic

transition dynamics. Transition dynamics are crucial to climate policy analysis for two

reasons. First, climate change is a function of the stock of carbon in the atmosphere,

rather than the flow of emissions. So, the environmental impact of a mitigation policy

depends on how it affects emissions in the short, medium, and long run. Second, many

climate policy goals are framed in terms of medium-run emissions. For example, the

United States’ Nationally Determined Contribution to the Paris Agreement focuses on

targets for flow emissions in 2030. Despite the importance of transition dynamics for

climate policy analysis, existing climate-economy models are calibrated to static or steady
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state moments (e.g., Golosov et al., 2014; Hassler et al., 2016; Hassler and Krusell, 2018;

Barrage and Nordhaus, 2024).

We focus on the dynamics of energy efficiency, an important determinant of carbon

emissions (Raupach et al., 2007; Peters et al., 2017; Le Quéré et al., 2019). Put differently,

we study substitution between energy and non-energy factors of production. Existing work

finds that the short-run elasticity of substitution is near zero, but the long-run elasticity

is around one (Atkeson and Kehoe, 1999; Hassler et al., 2021a). Climate-economy models

generally assume that the elasticity is one in both the short and long run (e.g., Golosov

et al., 2014; Hassler et al., 2016; Barrage, 2020; Cruz and Rossi-Hansberg, 2024). This

causes standard models to overestimate the degree to which energy efficiency reacts to

policy-induced changes in energy prices in the short and medium run (Casey, 2024).

To generate realistic dynamics in our model, we incorporate the insights of Hassler et al.

(2021a) and the modeling framework of Leon-Ledesma and Satchi (2019) into a neoclassical

production setting where final goods are produced with capital, labor, and energy. The

result is a tractable setting in which the elasticity of substitution between energy and

non-energy inputs can vary over time due to endogenous technology choice. We consider

a model with two types of technology, both of which increase output. One technology

augments energy and improves energy efficiency, and the other technology augments a

capital-labor composite and decreases energy efficiency. Firms pay an adjustment cost

when they alter their technology mix. The size of the adjustment costs determines how

slowly energy efficiency responds to a change in energy prices.

We calibrate the model to the energy efficiency transition dynamics observed in the

data. We use aggregate U.S. data on energy use and expenditures from the Energy

Information Administration (EIA) to estimate an empirical impulse response function

(IRF) that shows how economy-wide energy efficiency responds to changes in the real

price of energy. The IRF suggests that energy efficiency responds slowly to changes in
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energy prices. We calibrate the adjustment costs and short-run substitution elasticity in

the model so that it generates an IRF that is similar to the one estimated in the data.

The calibrated model fits the data closely. We also show that the approach used in leading

climate-economy models cannot replicate the patterns observed in the data, because it

assumes that energy efficiency responds quickly to changes in energy prices.

To analyze the importance of slow transition dynamics, we use the model to study

the effectiveness of climate change mitigation policies. We focus on comparing our results

to the standard approach used in the existing literature.

Slow transition dynamics significantly hinder the ability of carbon taxes to reduce

cumulative carbon emissions. Carbon taxes increase the price of energy and induce

substitution away from energy and toward non-energy inputs. In other words, they

increase energy efficiency. In our model and the data, this process happens slowly, as

firms adjust their technology choices in response to changes in tax-inclusive energy prices.

In standard models, however, the adjustment process happens immediately.

We start by examining a constant carbon tax. Our model predicts that a 50 percent

ad valorem carbon tax reduces cumulative carbon emissions by 22 percent over the next

decade, relative to a no-policy scenario. In the standard model, by contrast, the same

tax reduces emissions by 35 percent. By this metric, accounting for the slow transition

dynamics in the data reduces the estimated effectiveness of carbon taxes by around one

third.

We then examine the least-cost path of carbon taxes that achieves an exogenous policy

target for cumulative emissions reductions. Given the slow evolution of energy efficiency,

our model requires ad valorem carbon taxes that are roughly 16% (6 p.p.) higher to

achieve the target, relative to the prediction of the standard model. The reductions in

dirty energy use also occur later in the century. The welfare costs of meeting the target

are small in both models, and roughly 19% (0.09 p.p.) higher when accounting for slow
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transition dynamics.

2.2 Related Literature

Starting with the DICE model (Nordhaus, 1993), many studies have investigated

climate policy using growth models (e.g., Golosov et al., 2014; Hassler et al., 2021b;

Barrage and Nordhaus, 2024; Cruz and Rossi-Hansberg, 2024). When energy efficiency is

included in these models, it is generally done with a Cobb-Douglas aggregate production

function, implying that the short- and long-run elasticities of substitution are both equal

to one. This implies that energy efficiency reacts quickly to changes in energy prices. We

build on this literature by constructing a model that matches the empirical dynamics of

energy efficiency and showing that these dynamics have significant consequences for the

effectiveness of mitigation policies.

There is also a long literature documenting empirical facts about energy use (e.g.,

Van der Werf, 2008; Koetse et al., 2008), including the fact that the elasticity of substitution

differs in the short and long run (e.g., Pindyck, 1979; Hassler et al., 2021a). Additionally,

there is a long literature presenting models that explain the difference between the short-

and long-run elasticities. Older models relied on putty-putty or putty-clay models with

adjustment costs and many types of capital (e.g., Pindyck and Rotemberg, 1983; Atkeson

and Kehoe, 1999), while newer models stress directed technical change in more aggregated

settings (e.g., André and Smulders, 2014; Hassler et al., 2021a). We contribute to this

literature by estimating the full transition dynamics that occur as an economy moves

from the short run to the long run and by demonstrating the importance of these slow

dynamics for the effectiveness of climate change mitigation policies.

Our work also contributes to a small but growing literature on transition dynamics

and climate policy. The most closely related papers are those of Hassler et al. (2021a) and

64



Energy Efficiency Dynamics and Climate Policy Chapter 2

Casey (2024). Hassler et al. (2021a) show that a model with directed technical change can

match both the short- and long-run data patterns.1 Casey (2024) builds on these insights

to study climate policy. He uses a model of directed technical change to study the role

of energy efficiency transition dynamics in determining the effectiveness of carbon taxes.

The model is calibrated to steady state moments only. He utilizes a short-run elasticity

of zero and does not report a long-run elasticity, which cannot be found analytically in

standard directed technical change models. By utilizing the specific model of directed

technical change from Leon-Ledesma and Satchi (2019), we overcome this problem and

specify a model that can exactly match both the short- and long-run elasticities. Thus,

we are able to study the impacts of energy efficiency dynamics on climate policy in a

more empirically-grounded model.

More generally, our work is part of a growing literature on slow dynamics in macro

climate-economy models. Like us, Hinkelmann (2024a) builds on this existing directed

technical change literature by utilizing the Leon-Ledesma and Satchi (2019) framework.

He considers a richer model with several margins of adjustment and similarly shows that

transition dynamics matter for the design of carbon taxes that can implement medium-run

climate policy goals in the United States. Unlike us, he does not match the transition

dynamics to data.2,3 Airaudo et al. (2025) take a somewhat different approach and embed

the framework of Hassler et al. (2021a) in an open-economy business cycle model to study

the impact of climate policy on both economic and environmental outcomes. Campiglio

et al. (2026) study optimal climate policy in a model with capital adjustment costs. They

calibrate their model to the outcomes of granular energy models, rather than directly to

the transition dynamics observed in aggregate data. Like us, they find that transition

1See also André and Smulders (2014) who focus on matching the long-run patterns in a similar model.
2See also Farajpour and Hinkelmann (2021), who confirm the importance of distinguishing between

short- and long-run elasticities, but do not include transition dynamics.
3Hinkelmann (2024b) uses related tools to study substitution between electricity and fossil fuels.
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dynamics play an important role in climate policy. Our work complements these earlier

studies in two ways. First, and most importantly, we match our model to the transition

dynamics observed in data. Second, we stress the differential effect of energy efficiency

dynamics on carbon taxes and clean energy subsidies, the latter of which are central to

recent climate legislation in the United States.

In addition to the papers cited above, our work is related to the broader literature on

directed technical change and the environment (e.g., Acemoglu et al., 2012, 2023; Fried,

2018). As explained in Section 2.4.3, the Leon-Ledesma and Satchi (2019) approach we

adopt is similar to a directed technical change model with a fixed quantity of R&D inputs,

the specification adopted in much of the recent literature. Our approach implicitly chooses

the market-clearing condition for R&D inputs such that there is a closed-form solution for

the long-run elasticity of substitution, which is equal to one (see also Jones, 2005; Caselli

and Coleman II, 2006). This makes it possible to calibrate the model to the long-run and

transition-path data. The Leon-Ledesma and Satchi (2019) approach also differs from

the directed technical change literature by adding adjustment costs. This is particularly

important in our setting, because it is necessary when including both the endogenous

evolution of technology and a long-run elasticity equal to one. In this way, our model

is leveraging directed technical change as a way to improve the quantitative modeling

of transition dynamics at the cost of capturing some important features of technological

progress.

2.3 Motivating Empirical Evidence

In this section, we quickly review the well-known empirical facts that motivate our

study. Our energy data come from the State Energy Data System (SEDS) produced by

the U.S. Energy Information Administration (EIA). We are interested in macro elasticities
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(b) Deviations from Trends

Figure 2.1: Final Energy Price and Expenditure Share

Notes : Panel (a) shows the average real price of final energy and the energy expenditure share. Panel (b)
shows the deviation of the real price from its deterministic exponential trend and the deviation of the
energy expenditure share from its average value.

and focus on aggregate data for the United States. Appendix Section B provides a more

complete description of the data. The data include quantities for different types of primary

energy (e.g., coal, oil, renewables) and final energy (e.g., electricity, gasoline). The data

also include prices and expenditures for fossil-fuel sources of primary energy, as well as

for final energy, but do not include prices for renewable sources of primary energy, such

as wind and solar.

Our analysis uses two empirical objects, the energy expenditure share of output and the

real price of final energy. The energy expenditure share is measured as energy expenditure

divided by the sum of final output (GDP) and energy expenditure, matching the model

we present in the next section. Our measure of the energy price is the BTU-weighted

average across energy sources. Hassler et al. (2021a) propose a method of calculating

aggregate prices that weights the quantities of different energy types by their average

prices. In Appendix Section B, we show that adopting their methodology has virtually

no effect on our price series. To convert nominal to real prices, we use the GDP deflator.
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Figure 2.1 plots the two empirical objects. Panel (a) focuses on long-run trends. The

real price of final energy has been increasing over this period, while the expenditure

share has been declining. Together, these two observations suggest that the elasticity of

substitution (EoS) between energy and non-energy inputs is greater than one. Given the

relatively short time period, it is hard to rule out the hypothesis that there is no trend

in the share, which would suggest a long-run EoS of one. This is consistent with the

econometric literature that distinguishes between short- and long-run elasticities and finds

long-run elasticities at or above one (Griffin and Gregory, 1976; Pindyck, 1979; Koetse

et al., 2008). The macro climate literature has interpreted the evidence as suggesting that

a unitary elasticity, i.e., Cobb-Douglas production, is a good fit for the data (e.g., Golosov

et al., 2014; Barrage, 2020; Hassler et al., 2021b). Since our goal is to demonstrate the

importance of transition dynamics in climate-economy models, we follow the existing

literature and focus on the case of a unitary long-run elasticity throughout the paper. In

other words, we assume that any trend in the expenditure share is unrelated to changes

in the relative price of energy and non-energy inputs.

To highlight short- and medium-run fluctuations, panel (b) plots the deviations of

real energy price and the expenditure share from their deterministic exponential trends.

The two series move together closely, indicating that the short-run EoS is well below one.

Again, this is consistent with the econometric literature, which finds short-run elasticities

that are close to zero when looking at very short time horizons (e.g., Berndt and Wood,

1975; Hassler et al., 2021a).
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2.4 Model

2.4.1 Model Specification

Time is discrete and indexed by t. Each period corresponds to one year. All production

is perfectly competitive.

Our model is focused on aggregate energy efficiency, i.e., substitution between energy

and non-energy inputs to production. The representative final good producer has access

to a CES production technology:

Ỹt =
(
(AN,tNt)

ϵ−1
ϵ + (AE,tEt)

ϵ−1
ϵ

) ϵ
ϵ−1

, (2.1)

where Ỹt is gross output, Nt is non-energy inputs in production (capital and labor),

Et is energy, and ϵ ∈ (0,∞). The variable AN,t is non-energy-augmenting technology,

and AE,t is energy-augmenting technology, which is closely related to energy efficiency.

The final good producer chooses a sequence of inputs, {Kt, L, Et}∞t=0, and a sequence of

technologies, {AN,t, AE,t}∞t=0, to maximize the expected present discounted value of future

profits. The price of the final good is normalized to one. We use pN,t to denote the price

of the non-energy composite, and pE,t to denote the price of energy.

The representative producer can choose the two technology terms from a menu

lnXt = (1− η) lnAN,t + η lnAE,t, (2.2)

where η ∈ (0, 1). As shown below, Xt will be a natural measure of the overall level of

technology in the economy. The growth rate of Xt, gX,t, is exogenous. When calibrating

the model, we consider a stochastic process for gX,t and in our policy simulations, we

consider a deterministic process.
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Let θt ≡ AE,t/AN,t be the technology ratio. When firms adjust θt, they lose a fraction

of total output due to quadratic adjustment costs

Φ

(
θt
θt−1

)
=
ϕ

2

(
θt
θt−1

− 1

)2

. (2.3)

Given the convex adjustment costs, firms adjust θt slowly over time in response to a change

in relative input prices. The parameter ϕ ≥ 0 determines how quickly this adjustment

occurs. Since there are adjustment costs, the final good producer looks ahead when

making decisions. It discounts the future at the rate of interest.4

Combining production function (2.1) and the technology menu (2.2), output can be

written as

Ỹt = Xt

((
θ−η
t Nt

) ϵ−1
ϵ +

(
θ1−η
t Et

) ϵ−1
ϵ

) ϵ
ϵ−1

. (2.4)

The overall level of technology, Xt, is exogenous and the direction of technology, θt, is

endogenous.

An intermediate producer combines capital and labor into the non-energy input bundle

using a Cobb-Douglas technology:

Nt = Kα
t L

1−α. (2.5)

We assume that the size of the labor force is constant. For prices, wt denotes the wage

rate, ρt denotes the rental rate on capital, and α ∈ (0, 1).

Our focus is on substitution between energy and non-energy inputs. We assume that

4In the calibration, we use a stochastic version of the model. In this case, the firm uses the household’s
stochastic discount factor.
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the production function for final energy is given by

Et = Eγ
d,tE

1−γ
c,t , (2.6)

where Ed is the quantity of dirty energy, Ec is the quantity of clean energy, and γ ∈ (0, 1).

Golosov et al. (2014) set the EoS between energy sources equal to 0.95, and we set it equal

to one for computational convenience. In robustness analyses, we also consider a CES

production function for Et. We consider this simplified model, rather than allowing the

elasticity to vary over time, because our focus is on the role of energy efficiency dynamics.

Perfect competition implies that the price of energy is

pE,t = γ̃p1−γ
c,t (1 + τd,t)

γpγd,t, (2.7)

where pc,t is the cost of extracting clean energy from the environment, pd,t is the cost

of extracting dirty energy from the environment, τd,t ≥ 0 is an ad valorem tax on dirty

energy, and γ̃ = γ−γ(1− γ)γ−1 is a constant. In our policy experiments, we assume that

extraction costs grow at constant exogenous rates, gpc and gpd . The budget is balanced

with lump-sum rebates.

It is important to note that we do not allow for slow substitution between clean and

dirty primary sources of energy in the production of energy services. Our focus is on

energy efficiency, i.e., substitution between energy and non-energy inputs. Casey et al.

(2026a) provide some suggestive evidence that a Cobb-Douglas production function is a

reasonable fit for the long-run data and slow transition dynamics may also be important

for substitution between energy sources. As they point out, a time series of aggregate

clean energy prices is not available for the United States, making it impossible to apply

our method to this substitution margin.
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Final output (Yt) is gross output minus energy expenditures and adjustment costs:

Yt =

(
1− ϕ

2

(
θt
θt−1

− 1

)2
)

× Ỹt − pc,tEc,t − pd,tEd,t. (2.8)

This is the measure of gross domestic product (GDP) in our model.

A representative household chooses sequences of consumption (Ct) and investment

(It) to maximize lifetime utility

U :=
∞∑
t=0

βt ln(Ct), (2.9)

taking all prices and technology levels as given. Here, β ∈ (0, 1) is the discount factor.

The budget constraint for the representative household is

Ct + It = wtL+ ρtKt + Tt = Yt, (2.10)

where Tt is rebated tax revenue. Capital evolves according to

Kt+1 = It + (1− δ)Kt, (2.11)

where δ ∈ (0, 1) is the depreciation rate.

We now have all of the components necessary to define a competitive equilibrium.5

Definition 2.1. A competitive equilibrium is a sequence of prices, quantities, and tech-

nologies such that (1) firms maximize profits, (2) all market clearing conditions hold, and

(3) individuals maximize lifetime utility.

5Appendix Section B presents the full set of equilibrium equations for the model.
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2.4.2 The Elasticity of Substitution (EoS)

Short- versus Long-Run EoS. The key idea behind this production structure is that,

following a change in energy prices, the economy behaves differently in the short and long

run. In the very short run, technology is fixed and the producer can only respond to

energy prices by substituting non-energy inputs for energy inputs using the CES function

(2.1). At longer time horizons, the producer can also change technology terms, which

makes production more flexible and leads to more substitution in response to changes in

relative prices.

To further explore this intuition in terms of the elasticity of substitution between

energy and non-energy inputs, we will now briefly discuss the theoretical results from

Leon-Ledesma and Satchi (2019), which is the basis for our model.

They define the short-run elasticity of substitution as

σSR := −
d ln(Et

Nt
)

d ln(
pE,t

pN,t
)

∣∣∣∣∣
θt fixed

. (2.12)

When climate policy or supply shocks increase the relative price of energy, σSR describes

the immediate reaction of firms. The long-run elasticity of substitution (σLR) is the

elasticity of substitution when θt has fully adjusted to its profit-maximizing level:

σLR := −
d ln(Et

Nt
)

d ln(
pE,t

pN,t
)

∣∣∣∣∣
∂Πt
∂θt

=0

, (2.13)

where Πt is profits earned by the final good producer in period t. When climate policy or

supply shocks increase the relative price of energy, σLR describes the long-run reaction of

firms.6

6The definition of σLR from Leon-Ledesma and Satchi (2019) refers to a firm that only maximizes
single-period profits. In our empirical applications, we study a firm that maximizes the present discounted
value of profits in an environment where the energy price is constantly changing.
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Proposition 2.2. Consider a production setting given by the production function (2.1)

and the technology menu (2.2). In this case, σSR = ϵ and σLR = 1.

Proof: This is a special case of Proposition 3 in Leon-Ledesma and Satchi (2019).

We provide a simple proof in Appendix Section B.

EoS and the Energy Expenditure Share. In our empirical application, we estimate

the impact of energy price shocks on the energy expenditure share of output. To see how

these objects are related, let σ be the EoS for some time horizon. Taking the definition of

the EoS and integrating,

ln
Et

Nt

= constant + σ ln
pN,t

pE,t

. (2.14)

Subtracting ln
pN,t

pE,t
from both sides gives the following common expression:

ln
pE,tEt

pN,tNt

= constant + (σ − 1) ln
pN,t

pE,t

. (2.15)

Now, we restrict attention to outcomes when there are no adjustment costs. This captures

the long-run elasticity (after all adjustment costs are paid) and the short-run elasticity

(before any adjustment costs are paid). With perfect competition, total revenue is equal

to payments to energy producers plus payments to non-energy factors of production. So,

we can re-write our expression as

ln
sE,t

1− sE,t

= constant + (σ − 1) ln
pN,t

pE,t

, (2.16)
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where

sE,t :=
pE,tEt

Yt + pE,tEt

, (2.17)

is the energy expenditure share of output. We use this measure of the energy expenditure

share for two reasons. The first is to be consistent with the data. It would be natural

to measure the energy expenditure share in terms of gross output, but we would need

a measure of adjustment cost expenditure to calculate gross output in a way that is

consistent with our model. Unfortunately, there is no straightforward way to do this. The

second reason that we choose this measure is to facilitate comparisons with the existing

literature. As discussed below, the existing literature makes stark predictions about how

this measure of the energy expenditure share responds to a price shock, making it easy to

compare the predictions of the existing literature to our model and the data.

In our empirical application, we study how exogenous shocks to pE,t affect the dynamics

of sE,t, and then match the dynamics to our model. Equation (2.16) shows how these

objects are related, though we will not be able to estimate it directly.7

2.4.3 Comparison to Existing Literature

Exogenous Technical Change (e.g., Golosov et al., 2014). In the macro climate-

economy literature, it is standard to use a Cobb-Douglas (CD) production function for

final output,

Yt = Kα
t E

ν
t (AtL)

1−α−ν .

7Since the price of output is normalized to one, the endogenous object pN,t is a function of only the
price of energy and the production function parameters. Since we are estimating the production function
parameters, we do not have a closed form equation that we can take directly to the data. But, we are
still in a scenario where we are examining how one endogenous variable, sE,t, responds to shocks in one
exogenous variable, pE,t.
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This production function assumes σSR = σLR = 1.8 Thus, it has the same long-run

predictions as our model, but different short- and medium-run predictions. Indeed, this

production function is a special case of our model with ϵ = 1 and ϕ = 0. The CD

production function implies that the energy expenditure share is sCD
E,t = ν ∀t. Thus,

we can easily test the predictions of this model against the data by examining how the

expenditure share responds to changes in the real energy price. The data presented in

Figure 2.1 suggest that this production function will not be a good match for the data at

short time horizons.

Directed Technical Change (e.g., Hassler et al., 2021a). The technology menu (2.2)

defines a tradeoff between the two types of technology. This creates a close connection

between our model and the literature on directed technical change and energy use. It

can be conceived of as a simple way of capturing a market clearing constraint for R&D

inputs. To see this, we can re-write the constraint in terms of growth rates:

ln (1 + gX) = (1− η) ln(1 + gAN,t
) + η ln(1 + gAE,t

),

where gJ,t := AJ,t/AJ,t−1 − 1. Here, the growth rates are the only endogenous variables.

As discussed in Hassler et al. (2021a), this is a special case of the general constraint,

0 = G(gAN,t
, gAE,t

),

which describes models with a fixed set of R&D inputs (e.g., Acemoglu et al., 2012; Fried,

2018). In their quantitative results, Hassler et al. (2021a) assume a unit mass on R&D

8Models focused on short-run outcomes sometimes use lower values (e.g., Olovsson and Vestin, 2026).
As noted above, models with directed technical change often use a low elasticity when technology is held
fixed.
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inputs that can be used in either sector.9,10

Following Leon-Ledesma and Satchi (2019), we choose the log-linear constraint (2.2),

because it makes the long-run elasticity equal to one, which is consistent with the data

shown in Figure 2.1a. We then deviate from the usual directed technical change model by

adding adjustment costs. This is especially important with the log-linear constraint. As

stressed by Hassler et al. (2021a), the log-linear technology menu causes the direction

of technical change to be exogenous when the growth rates can be freely chosen in each

period. The adjustment costs re-introduce endogenous direction of technical change and

allow the model to match both the short- and long-run elasticity of substitution. We

follow Leon-Ledesma and Satchi (2019) in specifying the adjustment costs in terms of

the levels of the technologies. In growth rates, the adjustment cost expression from (2.3)

becomes

ϕ

2

(
1 + gAE,t

1 + gAN,t

− 1

)2

.

Thus, our model captures some of the key intuition of energy efficiency directed

technical change models with fixed R&D inputs. Unlike the existing literature, we use a

specific functional form for the technology constraint that allows us to set the long-run

elasticity of substitution equal to one. The adjustment costs create a difference between

short- and long-run outcomes. They allow the model to simultaneously have endogenous

changes in the direction of technology and a long-run elasticity of one. The resulting

9Equation (15) in their paper captures the constraint for the functional forms used in the estimation.
10For concreteness, consider the model in Casey (2024) in which the innovation function takes the

standard form:
AJ,t =

(
1 + ξJR

1−λ
J,t

)
AJ,t−1;

∑
J

RJ,t = 1; J = N,E;

where RJ,t is the share of R&D resources allocated to technology J at time t. In this setting, the
constraint becomes

1 =

(
gAE,t

ξE

) 1
1−λ

+

(
gAN,t

ξN

) 1
1−λ

,

a particular instance of the more general constraint.
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model is simple enough that it can be easily calibrated to match the observed transition

dynamics.11

Relative to most of the directed technical change literature, the downside of our

approach is that it is not a useful tool to study R&D policy. We specify a forward-looking

representative firm, implying that there is no externality from intertemporal knowledge

spillovers, and do not explicitly model payments to R&D inputs. Thus, our model cannot

be used to capture the dynamic effects of R&D policy, a focus of much of the existing

literature (e.g., Acemoglu et al., 2012).

2.5 Calibration

Our calibration process proceeds in three steps. In Section 2.5.1, we set a number

of parameters externally. In Section 2.5.2, we match the energy efficiency dynamics in

our model to the data. This is the main quantitative contribution of our calibration.

In order to focus on energy efficiency, this analysis focuses on how the economy reacts

to changes in final energy prices, pE,t, without considering whether these changes are

driven by changes in clean or dirty energy. Finally, Section 2.5.3 calibrates the production

function for final energy. Table 2.1 presents the results of the calibration.

2.5.1 External Parameters

We set a number of parameters exogenously. We set β = 0.985 and δ = 0.10, which

are standard values for annual models. We choose η = 0.075 to match the average energy

11Another key difference between our framework and a standard directed technical change model is
that we do not impose that the growth rates of both technologies are always positive. The possibility for
a decrease in technology captures the fact that a menu of technologies may exist at any given time and
reflect a tradeoff. As the menu of technologies improves over time, it is always possible to improve both
technologies. Following a change in prices, however, firms might choose a very different balance between
technologies, leading to an overall decrease in one type of technology even as it is technologically feasible
to improve both.
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Table 2.1: Model Parameters

Parameter Value Description Source

δ 0.10 Depreciation Standard
β 0.985 Discount factor Standard
η 0.075 Energy share of income EIA
α 0.30 Capital share of income Jones (2016)
ϵ 0.1146 Short-run EoS IRF Matching
ϕ 5.5431 Adjustment costs IRF Matching
γ 0.74 Dirty energy share EIA
gpd 1.9% Dirty price growth Calibrated
gpc 0.7% Clean price growth Calibrated

pd,0/pc,0 0.40 Relative energy price Calibrated

expenditure share of output, which is approximately 7.5% in the EIA data.12 We take the

remaining parameter values to match the standard facts as reported in Jones (2016). The

labor share of expenditure is (1− η)(1− α), which we set to 65%. This yields α = 0.30.

We normalize L = 1.

2.5.2 IRF Matching

In this section, we discuss the empirical IRFs and how we use them to calibrate

the energy demand portion of the model. Existing climate-economy models are often

calibrated to long-run averages, like the average energy share of expenditure. We instead

want to calibrate our model to data patterns that capture transition dynamics as well as

long-run averages.

Empirical Specification. We use the annual data described above to estimate the

impulse response function (IRF) of the energy expenditure share to a permanent change

12In the model, η is not exactly equal to the energy share of output and the difference between the
two is due to adjustment costs. In our calibrated model, the adjustment costs are a small fraction of
output. We therefore choose to pursue this external calibration of η, because it maintains transparency
and computational simplicity. Alternatively, we could calibrate η jointly with θ and ϵ.
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in the level of energy prices. To do so, we use a structural vector autoregression (SVAR).

Our SVAR consists of the following two equations:

∆ ln (pE,t) = c1 + a1 ·∆ ln (pE,t−1) + b1 · sE,t−1 + u1 (2.18)

sE,t = c2 + a2 ·∆ ln (pE,t−1) + b2 · sE,t−1 + u2. (2.19)

To identify shocks, we make the assumption that u1 = ϵ1 and u2 = dϵ1 + ϵ2, where ϵ1 and

ϵ2 are orthogonal structural shocks. This specification assumes that energy price growth

is not contemporaneously affected by shocks to the energy share. In other words, we

assume that energy prices are predetermined for the US. This implies that energy prices

do not respond to unpredicted innovations in energy expenditures within the year. This

sluggishness can be explained by contracts that fix the price of energy for delivery over

some period. Here, it is worth emphasizing that we consider the end-use energy price,

not the energy spot price. Our IRFs focus on the dynamics following a one standard

deviation shock to ϵ1, which we refer to as an ‘energy price shock’.

We use the detrended energy expenditure share in our main specification, following

Blanchard and Quah (1989). Thus, our analysis assumes that any trend in sE,t is

unrelated to changes in the price of energy, an assumption that is consistent with the

unitary elasticity of substitution used in the existing literature (Golosov et al., 2014).

Appendix Section B shows that we get similar results, although the dynamics are slower,

if we do not de-trend the data. Meanwhile, detrending ∆ ln (pE,t) has basically no effect

on the dynamics.13

Our baseline VAR specification uses only one lag. Appendix Section B demonstrates

that the empirical IRFs are qualitatively similar with one to four lags. We also examined

a number of lag selection criteria, all of which suggest one lag.

13Appendix B shows the time paths of ∆ ln (pE,t) and detrended sE,t.
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Furthermore, an underlying assumption in our baseline VAR model is that the model

contains all relevant information. To test this assumption, we provide IRFs based on an

augmented SVAR model with three variables in Appendix Section B. The idea is to add

a third variable that measures the overall activity in the economy, which might affect the

variation in both the growth rate of the energy price and the energy share of income. We

use the growth rate of GDP, the growth rate of employment, and the unemployment rate

as the third variable. These exercises show that the estimated dynamics are robust to

adding this third variable.

Finally, we use yearly data in our main empirical analysis, as the EIA only provides

data on the energy share of income at this frequency. However, the identification strategy

might be considered more plausible at a higher data frequency. To test the robustness of

our results, we therefore construct a quarterly dataset from monthly energy statistics from

the EIA and quarterly GDP data from the BEA. We show that our qualitative results are

robust to this change in data frequency. Nonetheless, we do not use this quarterly dataset

in our main analysis, as a number of assumptions are made to construct the dataset.

Furthermore, our quarterly dataset covers a shorter historical period due to missing data.

Hence, we prefer to rely on the official annual data for our main analysis. Details on how

the quarterly dataset is constructed and the consequences of using quarterly data in the

SVAR analysis are provided in Appendix Section B.

Stochastic Processes for Xt and pE,t. Our goal here is to calibrate the energy demand

portion of the model. To do so, we abstract from the source of energy price variation.

In addition, to match our model to the empirical IRFs, we need to consider a stochastic

version of our model. Thus, we consider the case where both TFP, Xt, and final energy

prices, pE,t, are stochastic.
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Table 2.2: Stochastic Processes for Calibration

Parameter Value Description

µX 0.6% TFP drift
ρX 0.08 TFP persistence
ΣX 0.01 TFP stan. dev.
µpE 1.6% Energy price drift
ρpE ,1 0.22 Energy price persistence
ρpE ,2 0.67 Energy price persistence
ρpE ,3 -0.20 Energy price persistence
ρpE ,4 -0.00 Energy price persistence
ψpE ,1 -0.12 Energy price persistence
ψpE ,2 -0.82 Energy price persistence
ΣpE 0.09 Energy price stan. dev.

Notes: all persistence and standard deviation param-
eters are rounded to two decimal places.

The growth rate of Xt, gX,t, follows a stochastic AR(1) process

gX,t = (1− ρX)µX + ρXgX,t−1 + ωX,t, (2.20)

where ωX,t ∼ N (0,Σ2
X) is an i.i.d. shock and µX is a long-run drift parameter. The

producer chooses current-period technologies prior to the realization of ωX,t.

The energy price growth rate is determined by the ARIMA(4, 2) process

∆ ln(pE,t) =

(
1−

4∑
i=1

ρpE ,i

)
µpE +

4∑
i=1

ρpE ,i∆ ln(pE,t−i) +
2∑

i=1

ψpE ,iωpE ,t−i + ωpE ,t, (2.21)

where ωpE ,t ∼ N (0,Σ2
pE
) is an i.i.d. shock and µpE is a long-run drift parameter. It turns

out that if we calibrate this ARIMA function appropriately, we are essentially able to

perfectly match the empirical dynamics of ∆ ln(pE,t) following an energy price shock in

our theoretical model.

The parameters driving the law of motion of TFP (Xt) and energy prices (pE,t) are

calibrated from data, which are presented in Table 2.2. Equation (2.20) is estimated
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with total factor productivity (TFP) data covering 1970–2019,14 which yields µX = 0.6%,

ρX = 0.08 and ΣX = 0.01. We calibrate the drift coefficient in (2.21) to match the

average annual growth rate of the energy price, resulting in µpE = 1.6%. The remaining

parameters are calibrated to match the empirical dynamics (impulse response function)

of ∆ ln(pE,t) following an energy price shock. These dynamics are calculated using our

structural VAR model described above.15

IRF Matching Methodology. In the theoretical model, we study the IRFs of ∆ ln(pE,t)

and sE,t following a one standard deviation shock to ωpE ,t, the exogenous component of

the energy price. As our calibrated ARIMA function can match the IRF for ∆ ln(pE,t)

from the SVAR model almost exactly, we are able to consider the same energy price path

in the empirical and theoretical models. The task is therefore to choose the pair ϵ and ϕ

to match the IRF for sE,t as closely as possible. To do this, we minimize the weighted

sum of squared residuals between empirical and model generated IRFs over a 21-year

period. We use the inverse variance estimates from the empirical model as weights. See

Appendix B for further details.

IRF Results. We study a positive and temporary shock to the growth rate of energy

prices, which corresponds to a permanent change in the level of energy prices. We are

interested in this type of shock, because we will use the model to study climate policies

that permanently change the price of energy.

Our empirical results are presented in Figure 2.2. In all panels, the horizontal axis

14The data were originally obtained from the Federal Reserve Economic Database (FRED). Further
details are provided in Appendix Section B.

15The empirical dynamics are defined as deviations from the long-run equilibrium. Hence, the ARIMA
function can match these dynamics independent of µpE

. By minimizing the squared error between the
SVAR and the ARIMA IRFs, we obtain the following parameter values: ρpE ,1 = 0.22, ρpE ,2 = 0.67,
ρpE ,3 = −0.20, ρpE ,4 = −0.00, ψpE ,1 = −0.12, ψpE ,2 = −0.82, and ΣpE

= 0.09.
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(b) Level of Energy Prices
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(c) Energy Share
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(d) Energy Intensity
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Figure 2.2: Empirical Results and IRF Matching

Notes : Panels (a) and (b) show the path of energy prices following a one standard deviation shock to the
growth rate of energy prices. This path of energy prices is used in all subsequent analyses. Panel (c)
shows the path of the energy expenditure share of output in the data (solid line), our calibrated model
(dashed line), and the special case of Golosov et al. (2014) (dotted line). Panel (d) shows the implications
for the energy intensity of output. Panels (e) and (f) illustrate how the impulse response functions (IRFs)
identify the model parameters.
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shows years since the initial shock, and the vertical axis shows deviations from the initial

steady state. Panels (a) and (b) show the shock to energy prices that will be used for

the analysis. Panel (a) shows the dynamics of the energy price growth rate, which is

estimated from the data. The solid line is the point estimate, and the dash-dotted bands

are one-standard deviation (or approximately 68%) confidence intervals. The dashed line

is the path of energy prices from our model, which very closely matches the data. Panel

(b) translates the changes in growth rates to changes in the level of energy prices. In both

cases, we show that the ARIMA(4,2) process for energy prices can exactly recreate this

shock in our model.

We study the impact of this shock to energy prices in the data, our model, and

older models from the literature. To represent the older literature, we focus on the

influential model of Golosov et al. (2014) (henceforth, GHKT). They consider the case

where σSR = σLR = 1. This specification is common in the literature (e.g., Nordhaus

and Boyer, 2000; Hassler et al., 2016; Hassler and Krusell, 2018; Barrage, 2020; Cruz and

Rossi-Hansberg, 2024) and is a special case of our model with ϕ = 0 and ϵ = 1.16

Our main findings are shown in panel (c), which plots the response of the energy

expenditure share to the energy price shock. The solid line is the IRF estimated from

data, the dashed line is our model with the parameters that best match the data, and

the dotted line is the GHKT special case. The empirical results line up closely with the

findings and interpretations in the existing literature. In the period of the shock, an

increase of around 9% in energy prices leads to an approximately 0.6 percentage point

increase in the expenditure share.

The methodology imposes that the expenditure share eventually returns to the original

level. In other words, it imposes that the long-run elasticity is equal to one. Relative to

earlier work, a key benefit of our methodology is that we can estimate the full transition

16With ϕ = 0, the production function is the same for all ϵ ≤ 1.
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path following an energy price shock. The transition is relatively slow, and the energy

expenditure share has only returned halfway back to its original level 6 years after the

shock. Importantly, however, this transition is driven by two forces, the slow reaction

to the change in energy prices and the fact that energy prices are converging downward

towards their new long-run level. When a carbon tax permanently raises the price of

energy, the dynamics will be slower, because only the slow reaction to the change in

energy prices will be relevant.

Our calibrated model matches the data closely. This is unsurprising given that the

model was constructed to be able to match both the short- and long-run EoS and to

include a free parameter, ϕ, that governs the speed of the transition. Our calibration

yields ϵ = 0.1146 (= σSR) and ϕ = 5.5431. In contrast, the GHKT specification is clearly

at odds with the data. It imposes a short-run EoS of one, which implies that the energy

expenditure share is unchanged following the energy price shock. The climate literature,

including GHKT, is aware that the short-run EoS is a poor match for the data, but

argues that it accurately captures medium- and long-run dynamics (see also, Hassler

et al., 2016, 2021b; Hassler and Krusell, 2018; Barrage, 2020). Our empirical results cast

some doubt on this assertion. The data and the GHKT approach predict very different

energy expenditure shares the first decade following the shock.

Panel (d) demonstrates the implications of our findings. Panel (d) shows the path of

the energy intensity—defined as sE,t/pE,t—following the energy price shock. This object

is important for climate policy, because carbon taxes increase the price of energy and

induce substitution towards non-energy inputs, reducing the energy intensity of output

(i.e., increasing economy-wide energy efficiency). Both the data and our model suggest

that the energy intensity declines quickly by 2% following the energy price shock and

stays around this level thereafter. In contrast, the GHKT approach suggests a stronger

short-run response (10% drop), while the long-run effect is the same. Intuitively, our
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model features a low short-run EoS. The price shock, therefore, has little effect on the

demand for energy in the short run, implying a weak effect on energy intensity. In the

medium and long run, two counteracting forces on the energy intensity roughly balance

out in our model: (i) the energy price declines, dragging the energy quantity and thereby

the energy intensity up, and (ii) the economy adjusts to higher energy prices by using

increasingly more energy efficient production technologies, dragging the energy quantity

and thereby the energy intensity down. The GHKT approach does not feature the second

effect, hence the energy intensity increases as the energy price level declines.17

Finally, panels (e) and (f) illustrate how the IRFs identify the model parameters.

Panel (e) shows the effect of changing ϵ, holding ϕ fixed. In the period of the shock, the

technology terms (AN,t and AE,t) are fixed, and the EoS is given by σSR = ϵ. Thus, ϵ plays

a primary role in determining the size of the initial jump. Panel (f) shows the impact of

changing ϕ, holding ϵ fixed. As discussed above, ϕ does not affect the short- or long-run

EoS. But, higher values of ϕ imply that it is more costly to change the technology ratio,

which in turn leads to slower transition dynamics. So, ϕ is largely determined by the

speed of the transition.

2.5.3 Calibrating the Production Function for Et

We now complete the calibration of the full model by calibrating the parameters in

(2.6). The data are described in greater detail in Appendix Section B.

With perfect competition, γ is equal to the ratio of expenditure on dirty sources of

primary energy to total expenditure on final energy. We set γ = 74% based on evidence

from Casey et al. (2026a). The EIA does not report the price of clean primary energy

17We calibrate the two models with the same parameter η. Since there are no adjustment costs in the
GHKT special case, the energy share of expenditure differs slightly.
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over this period. Production function (2.6) implies that

pd,t
pc,t

=
γ

1− γ

Ec,t

Ed,t

. (2.22)

In 2019, the base year for our policy analysis, the ratio of clean and dirty primary energy,

measured in BTUs, is equal to 0.14. Together with our estimate of γ, this implies that

pd,0
pc,0

= 0.40. To set units, we normalize the initial price of clean energy to one, pc,0 = 1.

We use a similar approach to pin down the growth rates of the energy prices. The

ratio of clean to dirty energy grows at an average of 1.2%/year in our data. From (2.22),

this implies that the relative price of clean energy decreases by 1.2%/year. Also, (2.7)

implies that, in the absence of climate policy, the growth rate of the price of final energy

is gpE = (1 + gpc)
1−γ(1 + gpd)

γ − 1. This is equal to 1.6% in the data. Together, these two

relationships give gpd = 1.9% and gpc = 0.7%.

In robustness analyses, we also consider CES production functions for final energy

instead of the Cobb-Douglas specification in (2.6). We consider functions of the form

Et =

(
γE

χ−1
χ

d,t + (1− γ)E
χ−1
χ

c,t

) χ
χ−1

. (2.23)

We consider substitution elasticities of χ ∈ {0.95, 2}. The lower value is chosen to

exactly match Golosov et al. (2014) and the higher value is chosen to capture the

results from applied micro studies such as Papageorgiou et al. (2017). We use γ—our

share parameter from the Cobb-Douglas specification—as the weight parameter. To be

consistent with the Uzawa (1961) steady-state growth theorem, we need to assume that

gpE = gpc = gpd = 1.6%. Otherwise, gpE will not be constant and the model will not have

a steady state.
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2.6 Policy Analyses

We now turn to investigating the role that energy efficiency dynamics play in deter-

mining the effectiveness of climate change mitigation policies. In order to study the full

non-linear impacts of policy, we abstract from uncertainty and use a deterministic version

of the model. Our primary goal is to compare our calibrated model to the GHKT special

case. We focus on outcomes over the next eighty years. All results are shown relative

to a laissez-faire balanced growth path, which serves as our no policy baseline.18 Our

framework does not include damages from climate change.

2.6.1 Constant Carbon Tax

Main Results. We simulate the impact of a permanent and unexpected ad valorem tax

on dirty energy. This simple policy instrument highlights the effects of incorporating slow

transition dynamics into an otherwise standard climate-economy model. In the following

section, we consider a richer policy designed to achieve a realistic climate policy objective.

For this illustrative analysis, we consider a 50% tax. Casey et al. (2026b) find that

this is roughly the value of the best constant carbon tax in the GHKT special case with a

climate externality calibrated to the social cost of carbon (SCC) calculations of Rennert

et al. (2021).

We compare the predictions of our calibrated model to the GHKT special case (ϕ = 0

and ϵ = 1). Other than the differences in ϵ and ϕ, the two models are identical. For each

model, we compare outcomes with the dirty energy tax to the laissez-faire equilibrium.

Figure 2.3 shows the results. Panel (a) shows the dynamics of the energy expenditure

share. As expected, they are qualitatively similar to those in Figure 2.2. In the period

that policy is introduced, the energy expenditure share jumps almost one-for-one with the

18Given our focus on the United States, the laissez-faire assumption captures the absence of large-scale
national climate policy. We abstract from the many state- and regional-level climate policies.
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Figure 2.3: Impacts of a 50% Carbon Tax
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change in the tax-inclusive price of energy and then slowly converges back to its original

level. Unlike the price shock in the empirical IRFs, the carbon tax does not converge

back towards its original level. As a result, the convergence in the energy share happens

only because of the slowly evolving endogenous technology choice. After ten years, the

expenditure share is roughly halfway back to its original level. In the GHKT special case,

by contrast, the expenditure share is unchanged.

Panel (b) shows the implications for the energy intensity of output, sE,t/pE,t, which is

the inverse of economy-wide energy efficiency. The two models have identical long-run

predictions, but different predictions over the first two decades.

Next we turn to discussing the environmental implications of these results. In the

period that policy is introduced, there is a 4 percent reduction in final energy use in our

model (panel c). By contrast, energy use immediately drops by almost 28 percent in the

GHKT special case. Over time, the two models converge to the lower GHKT level.

Panel (d) translates these effects to dirty energy, rather than final energy use. The

dynamics are similar, but muted because we assume the substitution between clean

and dirty energy can happen instantaneously. This result has important implications

for interpreting data on fossil fuel use. Even if policy has a small immediate effect on

emissions, it may still lead to significant long-run reductions.

Panel (e) translates these effects to differences in cumulative dirty energy use, the

variable most relevant for environmental outcomes. In the GHKT model, the tax reduces

dirty energy use by roughly 35 percent, and this effect is constant over time. In our model,

cumulative dirty energy use is only 26 percent below the laissez-faire level in 2040. This

highlights a key implication of our findings. When examining the impact of climate policy

on medium-run outcomes, it is important to account for transition dynamics. Models that

are only calibrated to long-run data will overstate the impact of policy on cumulative

emissions. By 2100, our model predicts a 32 percent drop, which is more similar to the
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GHKT results. This similarity implies that the 80 year horizon is long enough for the

medium-run dynamics to be mostly overwhelmed by the long-run outcomes in determining

cumulative emissions.

For completeness, panel (f) presents the dynamics of clean energy use. While our

motivation for studying energy efficiency dynamics focuses on dirty energy use, the pattern

of clean energy use is quite different in the two models. In our model, the demand for final

energy is essentially unchanged in the period that policy is introduced, but the price of

clean energy decreases relative to dirty energy. As a result, clean energy use spikes. In the

GHKT model, by contrast, there is a significant reduction in the demand for energy use.

Indeed, even though there is substitution away from dirty and towards clean, overall clean

energy use decreases. Casey et al. (2026b) provide a simple explanation for this result.

They show that, in the GHKT framework, clean and dirty energy are gross complements.

When a carbon tax decreases dirty energy use, it also decreases the return to extracting

clean energy, leading to lower clean energy use. Our model shows that, while this may be

true in the long run, the short- and medium-run dynamics are very different.

Finally, we turn to the macro aggregates. The two models yield similar predictions

for the dynamics of output and consumption as shown in panel (h). The representative

household responds by lowering the savings rate, leading to an initial spike in consumption

and then a swift decline. While we defer a full welfare analysis to the next section, the

results suggest that the welfare benefits of a given policy intervention are smaller in our

model. The paths of consumption are similar in the two models, but the environmental

benefits are much lower when accounting for the slow energy efficiency dynamics. The

paths of output are also similar, as shown in panel (g).

Before turning to the robustness analyses, it is important to highlight a caveat about

our results: we allow for slow substitution between energy and non-energy inputs, but not

between clean and dirty sources of primary energy. As noted above, we lack the necessary
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data on clean energy prices to conduct this analysis. This has two main implications for

our results. First, we almost certainly overstate the total reduction in dirty energy use

from the policy. In both our model and the GHKT special case, the rapid substitution

towards clean energy is responsible for much of the overall reduction in dirty energy

use. Second, the rapid substitution implies that the 30% increase in clean energy use we

observe in the first period is likely overstated.

Robustness. Figure B.11 shows the results when we assume that final energy is produced

with the CES function (2.23) instead of the Cobb-Douglas function (2.6). It shows results

for χ = 2, which is consistent with the work of Papageorgiou et al. (2017). As before,

we compare our model to the GHKT special case, and the change is implemented in

both models, implying that the specification for energy demand is still the key difference

between them. In all specifications, we assume that both clean and dirty extraction costs

grow at the same rate, which allows the CES specification to converge to a BGP.

The qualitative patterns are quite similar with this alternative specification, especially

for results related to final energy use. The main difference with the results in Figure 2.3

is that the robustness analysis has faster substitution between primary energy sources,

leading to greater overall reductions in dirty energy use in both models.

Figure B.12 presents our main results using χ = 0.95. This is the actual value used in

Golosov et al. (2014). The results show that our simplification of implicitly setting χ = 1

in the main results has virtually no impact on the results.

Figure B.13 shows results with η = 0.04, rather than η = 0.075. This lower value

matches the energy expenditure share calculated in Hassler et al. (2021a), who focus

only on expenditure on fossil fuels. Our measure of expenditure focuses on final energy.

Importantly, this implies that we capture the costs of transforming fossil fuels (e.g., coal)

into final energy (e.g., electricity), as well as the costs paid to produce electricity from
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renewable energy sources.19 The results are quite similar. Emissions reductions and GDP

losses are larger when energy is a greater share of total costs.

2.6.2 Clean Energy Subsidies

In Appendix Section B, we simulate a 20% subsidy for the production of clean energy

in our model. Clean energy production subsidies are the central tool in the Inflation

Reduction Act, which was passed in 2022. The law has very detailed provisions for

different types of energy. Following Casey et al. (2026b), we choose a 20% subsidy to

capture the aggregate implications of these provisions. As they explain, Bistline et al.

(2023) perform a detailed analysis of all the different components of the subsidies and find

that, after firms choose optimally among options, the end result is about a 20% reduction

in the cost of producing utility-scale solar and offshore wind, with a slightly smaller effect

for onshore wind.

Slow transition dynamics significantly bolster the ability of clean energy subsidies to

reduce cumulative carbon emissions. Unlike carbon taxes, clean energy subsidies decrease

the price of energy, inducing substitution towards energy inputs and decreasing energy

efficiency (Holland et al., 2009; Newell et al., 2019). As a result, these policies are more

effective when energy efficiency dynamics are slow.

This is a type of rebound in energy use: the clean energy subsidy lowers the price

of energy, which in turn leads to an increase in use. There is a long literature studying

the role of rebound in determining how exogenous shocks and policy interventions affect

energy use (e.g., Gillingham et al., 2016; Fullerton and Ta, 2020).

Our model predicts that a 20 percent subsidy for clean energy reduces cumulative

carbon emissions by 3 percent over the next decade, relative to laissez-faire. In the

19Unfortunately, as noted above, our data capture the joint costs of creating energy from clean and
dirty sources and do not provide the direct estimates of the cost of clean energy.

94



Energy Efficiency Dynamics and Climate Policy Chapter 2

standard model, by contrast, the same path of subsidies increases emissions by 0.6 percent.

As noted above, clean and dirty energy are gross complements in the standard GHKT

framework, implying that clean energy subsidies increase dirty energy use.

It is important to note that the direction of our clean energy subsidy results could be

reversed if we also considered slow substitution between clean and dirty sources of primary

energy. Slow substitution between primary sources of energy decreases the effectiveness

of both carbon taxes and clean energy subsidies. As noted by Casey et al. (2026a), a lack

of aggregate data on clean energy prices makes it difficult to analyze the substitution

between clean and dirty energy in time series data. We leave a quantitative investigation

of both margins to future research.

2.6.3 Least-Cost Path Analysis

To better understand the welfare consequences of slow energy efficiency dynamics, we

now consider policy designed to limit total dirty energy use:

∞∑
t̃=0

Ed,t̃ < Emax, (2.24)

where Emax is an exogenous politically determined dirty energy budget. In our simplified

setting, this constraint plays the role of a carbon budget. We consider the case of a

per-unit tax, τut , on dirty energy use. When examining policy, we consider the case where

all policy is announced in 2020.

Theoretical Set-up. Consider a social planner who maximizes lifetime utility (2.9)

subject to (2.4), (2.5), (2.6), (2.8), (2.10), (2.11), and (2.24). We refer to this as the least-

cost path (LCP) to meeting the policy goal. We investigate the policies that implement

the LCP in a decentralized equilibrium. Given that there is a single market failure, the

95



Energy Efficiency Dynamics and Climate Policy Chapter 2

efficient outcome can be implemented with a tax set equal to the marginal external cost,

i.e., the shadow value of the budget constraint.

Indeed, this is just a simple Hotelling (1931) problem. As is well known, along the

optimal path, the gap between the price of dirty energy and its marginal extraction cost

rises at the rate of interest. If the dirty energy producer internalized the limit on dirty use,

this gap would be equal to the scarcity rent included in the price they charge consumers.

In our case, where the limit is not internalized, the gap is equal to τut .

Proposition 2.3. Consider the social planner problem described above. The optimal path

can be implemented with a growing per-unit dirty energy tax

τut = β−tΩCt, (2.25)

where Ω is the shadow value of the constraint measured in utils. This implies that the

growth rate of the optimal tax, gτ,t = τut /τ
u
t−1 − 1 is equal to the rate of interest

1 + gτ,t = β−1 Ct

Ct−1

= 1 + rt. (2.26)

Proof: We provide a proof in Appendix Section B.

We study a tax that grows at the rate given in (2.26) with a level chosen to meet the

target we discuss in the next section.

Picking a Target. For our quantitative results, we pick a dirty energy use target that is

consistent with meeting a 1.5◦C target for global temperature change. Achakulwisut et al.

(2023) calculates cumulative fossil energy use from 2020 to 2100 for future trajectories

consistent with this goal. We focus on their scenario that keeps global temperature change
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below 1.5◦C with a 50% probability and limits overshoot.20

There are two caveats to consider. First, Achakulwisut et al. (2023) calculate results

for the entire world, whereas we calibrate our model to the US. We set our target based

on the ratio of cumulative future use to flow energy use in 2020. This is consistent

with a scenario where all countries reduce dirty energy proportionally. Second, in the

Achakulwisut et al. (2023) scenarios, dirty energy is still used after 2100. So, we choose a

Ω (equivalently, an Emax) that matches their cumulative budget through 2100, assuming

that dirty energy can still be used afterward. Dirty energy is still used heavily after 2100

in our simulations.21

We find that cumulative dirty energy use from 2020-2100 can be 37.5 times as large

as flow dirty energy use in 2020.22 Given the negative baseline trend in dirty energy use,

this implies that, relative to the no policy baseline, cumulative dirty energy use needs to

decrease roughly 29% to meet the target. Holding cumulative dirty energy use constant

across runs, we can compare welfare by focusing on lifetime utility (2.9).

Quantitative Results. Figure 2.4 shows the least-cost path (LCP) that meets the policy

goal.23 Again, we compare the outcomes in our model to the GHKT special case in order

to investigate the importance of slow energy efficiency dynamics.

Panel (a) shows the path of τut /pd,t necessary to implement the LCP. The path of pd,t

is exogenous and the same across models. We include it simply to present the units of

the tax in an interpretable form. To meet the target, the tax rate in our model must

be about 16% (6 p.p.) higher than in the GHKT model through the entire period. The

20See figure 1.j in their paper.
21Their simulations include the possibility of negative emissions technologies and point-source carbon

capture and storage, which are not part of our modeling. For our dirty energy target to be consistent
with a 1.5◦C target, these processes need to be happening outside our model. The emissions target would
be much stronger in our model if we considered a target that did not take these forces into account.

22Given that 2020 reflects policy changes in our model, we set the constraint relative to 2019 use.
23Figure B.14 shows that the results are similar with χ = 2.
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adjustment costs imply that the economy reacts more sluggishly to the dirty energy tax,

which in turn implies that the tax must be higher to generate the same reductions.

Panel (b) shows the path of the energy expenditure share. The graph has the familiar

shape shown in the previous figure and IRFs. It is now scaled to the time-varying shock

shown in panel (a).

Panel (c) shows the path of energy intensity, which highlights a key difference between

the models. As expected and shown previously, energy intensity evolves more slowly

in our model. Now that cumulative energy use reductions are the same across models,

however, our model must catch up. As a result, energy intensity is eventually lower in

our model, reflecting the higher tax. Panel (d) shows that this same pattern holds for

final energy use.

Panel (e) shows that the same pattern holds for dirty energy use. To hit the target, our

model must make up for its sluggish initial reaction by achieving greater reductions later in

the century. It is worth noting that we do not account for changes in the carbon-intensity

of dirty energy, which has generally been decreasing over time. If this were the case, the

difference in required tax rates between the two models would increase. In our model, it

is hard to decrease dirty energy use in the near term, which is when it is most carbon

intensive.

Panel (f) shows cumulative dirty energy use, the targeted environmental outcome. By

construction, both models achieve the same cumulative dirty energy use reductions in

2100, but there are notable differences over at least the first couple of decades.

Panel (g) shows the path of GDP. Since energy is a small share of GDP, even large

dirty energy taxes have a relatively small effect on GDP, which is about 19 b.p. lower in

the model with slow transition dynamics. This reflects, in part, the real adjustment costs

that must be paid for the representative firm to change technology.

Finally, panel (h) shows the path of consumption. The differences between the two
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Figure 2.4: Least-Cost Path
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models are quite small, again reflecting the low energy expenditure share. To compare

lifetime utility across the two models, we consider the consumption equivalent variation

(CEV). For each model, we compare lifetime utility from (2.9) in the laissez-faire baseline

and along the LCP. We ask how much consumption the representative household would

give up in each period to stay on the baseline, rather than switching to the LCP. We

then compare across the two models. The CEV in our model is 0.56% and in the GHKT

special case it is 0.47%, a difference of 19% (0.09 p.p.).

Our model has important implications for policy design. If policymakers use standard

models, such as the GHKT special case, they will underestimate the carbon tax needed to

meet intended emissions reduction targets. However, these emissions targets can still be

met without large losses to consumption. Given the slow dynamics, policymakers should

expect that emissions respond slowly to changes in policy and that most reductions will

not occur until well after the policy is in place.

2.7 Conclusion

Macro climate-economy models are powerful tools for studying climate policy. Indeed,

Hassler et al. (2018) argue that macro climate-economy models are “the only game in

town” (p. 391). Do current iterations of these models generate reasonable predictions that

are useful inputs to policy decisions? Given the importance of these models, surprisingly

little work has been done to compare their predictions to data.

In this paper, we compare the models to data with a focus on one important deter-

minant of carbon emissions: economy-wide energy efficiency. To do so, we borrow an

approach frequently used in the business cycle literature. We estimate impulse response

functions in data and compare them to the model predictions. We then build a new model

that nests the existing literature and can replicate these empirical observations.
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We use the new model to study the impacts of climate policy. Our model suggests

that the impact of a given carbon tax on cumulative carbon emissions will be smaller

than commonly believed. Carbon taxes increase the price of energy and promote energy

efficiency. The data and our model suggest that this process happens slowly over time,

while older models assume that it happens instantaneously. To meet a given target for

emissions reductions, carbon taxes must be higher than existing models suggest.

We have focused on a simple and transparent model to highlight our key findings

regarding the dynamics of energy efficiency. We hope that our results will contribute to

the broader research program of using macro climate-economy models to study climate

change. Given the tractability of our model, future work can integrate our insights into

full quantitative integrated assessment models (IAMs) that can be used to study optimal

climate policy.
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Chapter 3

Some Macroeconomic Evidence on

Substitution between Clean and

Dirty Energy

3.1 Introduction

Climate change mitigation policies, like carbon taxes or clean energy subsidies, are

designed to alter the relative price of fossil fuel (“dirty”) and non-carbon (“clean”) sources

of energy. The effectiveness of these policies depends on the ease of substitution between

different energy sources. In macroeconomic models, substitution possibilities are often

captured by a single parameter: the aggregate elasticity of substitution between clean

and dirty energy (σCD).

Motivated by these macroeconomic models, recent studies use techniques from ap-

plied microeconomics to estimate σCD. Given data limitations, these studies focus on

substitution between clean and dirty energy in certain sectors and along certain margins.

Papageorgiou et al. (2017) separately estimate the clean-dirty elasticity for the electric
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power sector and non-energy industries in a cross-country panel. Jo (2025) provides

related firm-level evidence for French manufacturing industries and aggregates up to

industry-level elasticities. Both studies find elasticities around 2− 3 on average.

These studies provide the best available evidence on clean-dirty substitution, and they

are used to calibrate macro models (e.g., Acemoglu et al., 2023). However, these studies

do not estimate the aggregate elasticity, which incorporates all of the margins affected by

a change in the relative price of clean and dirty energy, including substitution between (i)

clean and dirty sources of electricity, (ii) electricity and fossil fuels in all end-use sectors,

and (iii) output from different end-use sectors.

In this paper, we complement this existing literature by examining σCD using aggregate

time-series data from the United States. We ask: “what σCD makes standard macro

climate-economy models consistent with the aggregate data?” Relative to the existing

literature, the benefit of our calibration-based approach is that it directly focuses on

the aggregate elasticity. The drawback is that we do not have a convincing source of

exogenous variation, and our results depend on model structure.

To match the data, standard macro climate-economy models require a σCD that is

close to one in the long run, but below one in the short run. The distinction between

long- and short-run elasticities is rarely considered in these models. The long-run value

of one is consistent with the influential work of Golosov et al. (2014), but not the more

recent literature. Using a reduced-form model, we provide preliminary evidence that

updating macro models to match aggregate time series data would significantly alter their

predictions for the effectiveness of climate policy.
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3.2 Theoretical Framework

To motivate and interpret our descriptive evidence, we use the production structure

of a standard macro climate-economy model (Golosov et al., 2014). All production is

perfectly competitive. Final output is given by a combination of capital (Kt), labor

(Lt), and energy (Et): Yt = F (Kt, Lt, Et). Here, Et represents end-use energy that is

used directly in the production of the final good, incorporating things like electricity and

gasoline. The price of the final good is normalized to one, and pE,t denotes the price of

end-use energy.

End-use energy is a composite of clean and dirty sources of primary energy (e.g., coal

and solar). The production function is of the constant-elasticity-of-substitution (CES)

form:

Et =

(
ω

1
σCDE

σCD−1

σCD
d,t + (1− ω)

1
σCDE

σCD−1

σCD
c,t

) σCD
σCD−1

, (3.1)

where Ec,t is the total quantity of clean primary energy and Ed,t is the total quantity of

dirty primary energy. Let pd,t and pc,t be the prices of dirty and clean energy, respectively.

The elasticity of substitution (EoS) between clean and dirty energy determines how the

energy mix changes in response to changes in relative energy prices:

d ln
(

Ec,t

Ed,t

)
d ln

(
pd,t
pc,t

) = σCD. (3.2)

As σCD → 1, the production function becomes Cobb-Douglas.

Perfect competition and profit maximization imply that

ln
sd,t

1− sd,t
= constant + (1− σCD) ln

pd,t
pc,t

, (3.3)
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where sd,t :=
pd,tEd,t

pE,tEt
is the fossil fuel share of energy expenditure (payments to fossil fuel

sources of primary energy as a fraction of total expenditure on final energy).

3.3 Descriptive Evidence

Figure 3.1 plots the components of (3.3). To measure our two key objects, we

use data from the State Energy Data System (SEDS) compiled by the U.S. Energy

Information Administration (2025b). It covers 1970-2023. The EIA provides data on

end-use energy expenditure (pE,tEt), expenditure on fossil fuels (pd,tEd,t), and fossil fuel

use (Ed,t). Expenditure is measured in dollars, and quantities are measured in BTUs.

We obtain GDP figures from the U.S. Bureau of Economic Analysis (2025a) and convert

prices to real dollars using the GDP deflator. With these data, we can directly calculate

sd,t and pd,t. Unfortunately, the EIA does not provide a direct measure of pc,t. It is widely

established, however, that the price of clean energy has fallen over this period. We view

the trend in pd,t as a lower bound on the trend in
pd,t
pc,t

.

Panel (a) of Figure 3.1 demonstrates that there is little trend in the fossil fuel share of

energy expenditure, despite a rising relative price of dirty energy. This suggests a long-run

σCD that is not far above one. Using detrended data, panel (b) shows that sd,t and pd,t

move together at short time horizons, suggesting a σCD that is well below one. These

findings are similar to those identified for other margins of emissions reductions. Hassler

et al. (2021a) and Casey et al. (forthcoming) provide similar evidence for substitution

between energy and non-energy inputs to production. Hinkelmann (2024a) provides

similar evidence for the aggregate elasticity between electricity and fossil fuels.
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(a) Levels (b) Deviations from Trends

Figure 3.1: Descriptive Evidence

3.4 Impulse Response Functions

We now use impulse response functions (IRFs) to provide further information about

how σCD varies by time horizon. We estimate a structural vector autoregression (VAR)

consisting of the following two equations:

∆ ln (pd,t) = cons1 + a ·∆ ln (pd,t−1) + u1 (3.4)

ln
sd,t

1− sd,t
= cons2 + b ·∆ ln (pd,t−1) + c · ln sd,t−1

1− sd,t−1

+ u2. (3.5)

To identify shocks, we make the assumption that u1 = ϵ1 and u2 = dϵ1 + ϵ2, where ϵ1 and

ϵ2 are orthogonal structural shocks. We de-trend all variables and interpret the results as

deviations from a steady state. This specification assumes a long-run σCD of one and is

meant to illustrate the transition path.

Our specification implies that fossil fuel prices evolve exogenously. In other words, they

are driven by supply shocks. Our IRFs focus on the dynamics following a one standard

deviation shock to ϵ1, which we refer to as a ‘fossil fuel price shock’. We use equation

(3.3) to back out the σCD that fits the data at each time horizon.

Panel (a) of Figure 3.2 shows the paths of ln pd,t and ln
sd,t

1−sd,t
following the shock. In
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(a) Impulse Responses (b) Implied σCD

Figure 3.2: Impulse Responses and Implied σCD

the period of the shock, both the price and expenditure share variable spike. After the

price levels off, the expenditure share variable slowly converges back to its long-run level.

Panel (b) of Figure 3.2 calculates the corresponding σCD as 1− ̂ln sd,t
1−sd,t

/l̂n
pd,t
pc,t
, where a

hat ( ̂ ) indicates deviation from the steady state path and pc,t is assumed to be constant.

If the underlying data generating process is well-captured by a single CES like equation

(3.1), the implied σCD should be the same at every time horizon. Our results suggest

otherwise. The implied σCD is actually negative in the period of the shock. In this simple

approach, we have not transformed variables to impose constraints on the parameter

values. We interpret this result as a noisy estimate of a near-zero σCD. After 10 years,

the implied σCD is roughly halfway back to its long-run value of one.

3.5 Implications for Climate Policy

We now turn to investigating the consequences of our results for climate policy. How

different are the implications of climate policy with σCD = 1 and σCD = 2? What

are the implications of taking into account the difference between the short- and long-

run elasticities? We focus on flow emissions in the short- and medium-run, as well as
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cumulative emissions.

To perform this analysis, we need a model that allows σCD to differ by time horizon.

We consider a simple reduced-form model where we exogenously specify the path of σCD

following a shock. This is meant as a stand-in for a richer model where the elasticity

changes over time due to endogenous technology adoption as in Leon-Ledesma and Satchi

(2019) and Hassler et al. (2021a). In particular, we consider a model where Yt = L1−αEα
t ,

and Et is given by (3.1) except that σCD exogenously changes over time to match the

path shown in panel (b) of Figure 3.2. We set σCD ≈ 0 in the first period. We assume

that pd,t, pc,t, and L are constant and ω = 0.5. We set α = 0.075 to match Casey (2024).

Each period is one year.

Figure 3.3 shows the impact of a 50% ad valorem carbon tax. All outcomes are shown

relative to the no-policy steady state. The results from three models are shown: one with

a constant σCD = 1, one with a constant σCD = 2, and one with the time-varying σCD.

Panel (a) shows the path of flow dirty energy use. As expected, the long-run flow

emissions are the same for the σCD = 1 and time-varying models. Fifty years after the

policy, these models predict emissions reductions that are approximately 13 p.p. lower

than in the σCD = 2 model. The relatively slow transition dynamics in the time-varying

model imply that it generates emissions reductions that are approximately 5 p.p. lower

than in the σCD = 1 model ten years after the policy. Panel (b) shows cumulative dirty

energy use, which is more relevant for environmental outcomes and highlights greater

differences between the time-varying and σCD = 1 models. Over shorter time horizons,

the dynamics of σCD impact policy effectiveness notably. After ten years, cumulative

emissions reductions are a little less than 10 p.p. lower in the model with slow dynamics.

The difference across models shrinks over time and is less than 5 p.p. after 50 years.
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(a) Flow Dirty Energy Use (b) Cumulative Dirty Energy Use

Figure 3.3: Impact of a 50% Ad Valorem Carbon Tax

3.6 Conclusion

The fossil fuel share of energy expenditure has been relatively constant in the United

States, even as the relative price of clean and dirty energy has changed considerably.

In the short run, dirty energy prices and the dirty energy expenditure share tend to

move together. To recreate these patterns, standard macro climate-economy models

would need to use a long-run elasticity of substitution between clean and dirty energy

that is close to one and a short-run elasticity that is well below one. Based on micro

evidence, existing models generally use higher long-run elasticities and do not consider

a separate short-run elasticity. The results of this analysis show that updating macro

models to match aggregate time series data would significantly alter their predictions for

the effectiveness of climate policy.

Some caveats are in order. First, our approach has been to match only the aggregate

data. We hope that our work will help spur efforts to build models that can match both

micro and macro data. Second, we adopt a calibration-based approach that does not

provide standard errors. Third, our results are necessarily backward-looking. Technology

improvements, like better batteries or carbon capture and storage (CCS) technology, could

significantly increase σCD over time (e.g., Gentile, 2024). Fourth, we have focused only
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on substitution between aggregate clean and dirty energy composites. Similar techniques

could be used to study aggregate substitution between more granular types of energy or

between different categories of energy, such as intermittent versus dispatchable sources

(Mehrotra, 2024).
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Empirical Evidence: Additional Results

Table A.1: Summary statistics of regression sample

Mean SD p25 p50 p75

CO2 Emissions:

Emissions Intensity (tCO2/k$) 0.146 0.413 0.025 0.041 0.081
Emissions (million tCO2) 1.321 6.614 0.021 0.103 0.484

Marginal Products:

log(MRPK) -0.861 1.150 -1.556 -0.872 -0.181

Balance Sheet Variables:

Sales (million $) 9856 29353 592 2310 7040
Firm Age 35 24 17 30 50
Total Assets (million $) 11775 32767 799 2772 8541
PPE/Assets 0.250 0.224 0.083 0.172 0.352
Debt/Assets 0.279 0.247 0.109 0.248 0.391
Intangibles/Assets 0.225 0.215 0.030 0.168 0.370
Cash/Assets 0.188 0.212 0.040 0.107 0.252

Notes: The statistics are pooled based on 15,830 firm-year observations

Dep. Var.: log(MRPK)

Scope 1 Emissions Intensity Value-Added MRPK Level Emissions Intensity
(1) (2) (3) (4) (5) (6)

log(Emissions Intensity) -0.101∗∗∗ -0.121∗∗∗ -0.295∗∗∗ -0.299∗∗∗

(0.017) (0.017) (0.021) (0.021)
Emissions Intensity -0.253∗∗∗ -0.231∗∗∗

(0.059) (0.051)

Firm Controls N Y N Y N Y
Industry × Year FE Y Y Y Y Y Y
Adjusted R2 0.304 0.334 0.336 0.389 0.301 0.327
Observations 15,830 15,830 14,964 14,964 15,830 15,830

Standard errors two-way clustered at the firm-year level are reported in parentheses.
∗∗∗p < 0.001,∗∗ p < 0.01,∗ p < 0.05

Table A.2: Robustness: Firm-level relationship between emissions intensity and MRPK
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Dep. Var.: log(MRPL)

Baseline Scope 1 Emissions Intensity Value-Added MRPL Level Emissions Intensity
(1) (2) (3) (4) (5) (6) (7) (8)

log(Emissions Intensity) 0.058 0.056∗ 0.040 0.060∗∗ -0.064∗ -0.059
(0.029) (0.025) (0.021) (0.019) (0.030) (0.028)

Emissions Intensity 0.156 0.128
(0.093) (0.084)

Firm Controls N Y N Y N Y N Y
Industry × Year FE Y Y Y Y Y Y Y Y
Adjusted R2 0.301 0.348 0.301 0.349 0.314 0.334 0.302 0.347
Observations 15,830 15,830 15,830 15,830 14,964 14,964 15,830 15,830

Standard errors two-way clustered at the firm-year level are reported in parentheses.
∗∗∗p < 0.001,∗∗ p < 0.01,∗ p < 0.05

Table A.3: Robustness: Firm-level relationship between emissions intensity and MRPL

Dep. Var.: Cash Holdings (cash-to-asset ratio)
(1) (2)

log(Emissions Intensity) -0.040∗∗∗ -0.037∗∗∗

(0.004) (0.004)

Firm Controls N Y
Industry × Year FE Y Y
Adjusted R2 0.328 0.422
Observations 15,830 15,830

Standard errors two-way clustered at the firm-year level are reported in parentheses.
∗∗∗p < 0.001,∗∗ p < 0.01,∗ p < 0.05

Table A.4: Firm-level results between emissions intensity and cash holdings
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Dep. Var.: log(MRPK)

W/o Firm Controls W/ Firm Controls
(1) (2) (3) (4) (5) (6)

log(Emissions Intensity) -0.196∗∗∗ -0.099∗∗∗ -0.184∗∗∗ -0.198∗∗∗ -0.105∗∗∗ -0.146∗∗∗

(0.020) (0.021) (0.021) (0.021) (0.022) (0.014)
Asset Tangibility -1.31∗∗∗ -1.259∗∗∗

(0.135) (0.133)
log(Productivity) 0.307∗∗∗ 0.760∗∗∗

(0.015) (0.017)

Firm Controls N N N Y Y Y
Industry × Year FE Y Y Y Y Y Y
Adjusted R2 0.315 0.337 0.465 0.341 0.362 0.810
Observations 15,830 15,830 15,830 15,830 15,830 15,830

Standard errors two-way clustered at the firm-year level are reported in parentheses.
∗∗∗p < 0.001,∗∗ p < 0.01,∗ p < 0.05

Table A.5: Explanatory power of asset tangibility and productivity on the MRPK-
emissions intensity relationship
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Proof of Propositions

Proof of Lemma 1.2

Rewrite firm i’s production function in (1.4) as

yi = zi

(
ki
li

)α

li (A.1)

= zi

(
ki
li

)α−1

ki (A.2)

And plugging in firms’ optimal capital-labor ratio, , yields

k∗i =
yi
zi

(
α

1− α

w

(r + δ)(1 + τki)

)1−α

(A.3)

l∗i =
yi
zi

(
α

1− α

w

(r + δ)(1 + τki)

)−α

(A.4)

With the firm demand function yi = p−σ
i Y , equations (A.3) and (A.4) can be rewritten as

k∗i =
p−σ
i

zi

(
α

1− α

w

(r + δ)(1 + τki)

)1−α

Y (A.5)

l∗i =
p−σ
i

zi

(
α

1− α

w

(r + δ)(1 + τki)

)−α

Y (A.6)

Combining (A.5) and (A.6) with the resource constraints (1.11) and (1.12) gives the
economy’s aggregate production function

Y = K
α
L
1−α 1(∑N

i=1
p−σ
i

zi

(
1

1+τki

)1−α
)α(∑N

i=1
p−σ
i

zi

(
1

1+τki

)−α
)1−α (A.7)

Denote P as the price of the final good. The Dixit-Stiglitz structure of the economy implies

P = (
∑N

i=1 p
1−σ
i )

1
1−σ . Substituting into the expression of pi in (1.8) and normalizing P = 1,

the firm i’s output price can be rewritten as:

pi =

(1+τki)
α

zi(1−τeωi)(∑N
i=1

(
(1+τki)α

zi(1−τeωi)

)1−σ
) 1

1−σ

(A.8)
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Finally, plug (A.8) into (A.7), and the effective aggregate TFP term can be expressed as

TFP =

(∑N
i=1

(
(1−τeωi)zi
(1+τki)α

)σ−1
) σ

σ−1

(∑N
i=1

(1−τeωi)σz
σ−1
i

(1+τki)1+α(σ−1)

)α (∑N
i=1

(1−τeωi)σz
σ−1
i

(1+τki)α(σ−1)

)1−α (A.9)

Proof of Proposition 1.3

Taking natural logarithms on both sides of equation (1.14) gives

log TFP =
σ

σ − 1
log

(
N∑
i=1

(
(1− τeωi)zi
(1 + τki)α

)σ−1
)

− α log

(
N∑
i=1

(1− τeωi)
σzσ−1

i

(1 + τki)1+α(σ−1)

)

− (1− α) log

(
N∑
i=1

(1− τeωi)
σzσ−1

i

(1 + τki)α(σ−1)

)

=
1

σ − 1
logN +

σ

σ − 1
logE

(
(1− τeωi)zi
(1 + τki)α

)σ−1

− α logE
(

(1− τeωi)
σzσ−1

i

(1 + τki)1+α(σ−1)

)
− (1− α) logE

(
(1− τeωi)

σzσ−1
i

(1 + τki)α(σ−1)

)
(A.10)

Since {log zi, log(1 + τki), log(1− τeωi)} are jointly normally distributed, the terms in
the expectation operators are lognormally distributed. Applying the mean of lognormal
distribution simplifies the above expression as

log TFP =
1

σ − 1
logN + E (log zi) +

σ − 1

2
Var(log zi)−

α(1− α) + α2σ

2
Var (log(1 + τki))

− σ

2
Var (log(1− τeωi)) + σαCov (log(1− τeωi), log(1 + τki)) (A.11)

Taking all else as given, log TFP is maximized where

−σ
2
Var (log(1− τeωi)) + σαCov (log(1− τeωi), log(1 + τki)) (A.12)

is maximized. When the capital and output wedges τki and τeωi are assumed to be close
to 0, the above term can be rewritten as:

−σ
2
Var(ωi)τ

2
e − σαCov(τki, ωi)τe (A.13)

Since Cov(τki, ωi) < 0, the above quadratic function in τe is maximized at τ̄e =
−αCov(τki,ωi)

Var(ωi)
>

0.
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Proof of Proposition 1.4

The aggregate emissions and economy-wide emissions intensity of output can be
expressed as:

E =
N∑
i=1

ωipiyi = Y

N∑
i=1

ωip
1−σ
i (A.14)

E

Y
=

N∑
i=1

ωip
1−σ
i (A.15)

Plugging in the expression for pi from equation (A.8) and simplifying terms using a
procedure similar to that in Proposition 1.3, one can write the natural logarithm of
aggregate emissions intensity as:

log

(
E

Y

)
= E (logωi) +

1

2
Var (logωi) + α(1− σ) Cov (logωi, log(1 + τki)) (A.16)

After removing all capital wedges, the term Cov (logωi, log(1 + τki)) changes from negative
to zero. This implies that with σ > 1, log

(
E
Y

)
would decrease. In other words, the

economy-wide emissions intensity of output would fall following the wedge-free reform.
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Quantitative Model: Additional Details

Firm’s Profit Maximization Problem

Within each period, the monopolistically competitive firm takes its demand function
y = p−σD into account and maximizes its profits as follows:

π(z, a, µ) = max
p,k,l

(1− τeµ
ϵ)py − wl − (r + δ)k (A.17)

= max
k,l

(1− τeµ
ϵ)D

1
σ y

σ−1
σ − wl − (r + δ)k (A.18)

subject to the borrowing constraint k ≤ κa and the production function y = zkαl1−α.
When the borrowing constraint is slack for firms, they would choose the unconstrained

optimal capital which I denote by ku. In contrast, when the borrowing constraint is
binding, they can only achieve the constrained capital level kc and that kc ≤ ku. Thus
the capital decision for a given state vector (z, a, µ) is given by:

k(z, a, µ) =

{
ku =

(
σ

σ−1

)−σ ( α
R

)α(σ−1)+1 (1−α
w

)(σ−1)(1−α)
Dzσ−1(1− τeµ

ϵ)σ, ku ≤ κa,

kc = κa, ku > κa.

(A.19)

The optimal labor demand for unconstrained (lu) and constrained firms (lc) are:

l(z, a, µ) =



lu =
1− α

α

R

w
ku, ku ≤ κa,

lc =

(
σ

σ − 1

) −σ
1+α(σ−1)

D
1

1+α(σ−1) z
σ−1

1+α(σ−1)

×
[

w

(1− α)(1− τeµϵ)

] −σ
1+α(σ−1)

(kc)
α(σ−1)

1+α(σ−1)

, ku > κa. (A.20)

The monopolistic-competitive firm also sets a constant markup (η) of its price over
marginal cost, which also depends on the bindingness of the borrowing constraint. The
choice of price for unconstrained (pu) and constrained firms (pc) are as follows:

p(z, a, µ) =



pu =
σ

σ − 1

(
r + δ

α

)α(
w

1− α

)1−α
1

z(1− τeµϵ)
, ku ≤ κa,

pc =

(
σ

σ − 1

) 1−α
1+α(σ−1)

D
α

1+α(σ−1) z
−1

1+α(σ−1)

×
[

w

(1− α)(1− τeµϵ)

] 1−α
1+α(σ−1)

(kc)
−α

1+α(σ−1)

, ku > κa. (A.21)
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Consequently, the firm’s optimal profit function can be derived as:

π(z, a, µ) =

{
πu = 1

σ

(
σ−1
σ

)σ−1
(1− τeµ

ϵ)σDzσ−1
(

α
r+δ

)α(σ−1) (1−α
w

)(1−α)(σ−1)
, ku ≤ κa,

πc = (1− τeµ
ϵ)D

1
σ z

σ−1
σ (kc)

α(σ−1)
σ (lc)

(1−α)(σ−1)
σ − wlc − (r + δ)κa, ku > κa.

(A.22)

Solution Algorithm for Stationary General Equilibrium

To numerically solve for a stationary equilibrium of the model economy which is in
general equilibrium, I follow the algorithm below:

1. Guess an interest rate r, a wage w, an aggregate demand shifter D, and an aggregate
transfer T̄ .

2. Solve each firm’s problem given (r, w,D, T̄ ).

3. Simulate a large number of firms (N = 10000 in my simulations) in the cross section
for a sufficiently long period (T = 1000 in my simulations).

4. Compute, in the last period, the implied aggregate labor demand (Ld), aggregate
net worth (A), aggregate capital (K), aggregate output (Y ), and aggregate carbon
tax revenues (τeE), all expressed as the cross-sectional average quantities.

5. Check the market-clearing conditions:

• Goods market clears: Y = D

• Labor market clears: Ld = 1

• Asset market clears: A = K (zero net supply of aggregate debt)

• Government’s budget is balanced: T̄ = τeE

6. If any of the markets does not clear, update (r, w,D, T̄ ) and repeat until all markets
simultaneously clear.

7. Once the solutions converge, ensuring all markets clear within a specified tolerance,
a stationary general equilibrium is achieved.

Estimation of Firm-level TFP (z̃it) in the Data

To address the downward bias in the estimated persistence of firm-level TFP that arises
in short panels with firm fixed effects and a lagged dependent variable (Nickell, 1981), I
construct an extended firm sample covering a longer time horizon. Specifically, I select firms
that appear at least once in the Trucost database and extract their corresponding financial
data from Compustat dating back to 1980, regardless of whether the corresponding
emissions data are available.
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Firm-level TFP is estimated on this sample following the methodology of Wooldridge
(2009), which employs a system GMM approach to address potential endogeneity in
production function estimation. I use Compustat data on labor, total capital, sales, and
cost of goods sold. Labor is modeled as a flexible input and capital as a state variable,
while the cost of goods sold proxies for unobserved productivity shocks. I implement a
value-added production function with a second-degree polynomial in inputs to capture
potential nonlinearities and include firm and year fixed effects to control for unobserved
heterogeneity. The residual from this estimation constitutes firm-level TFP, capturing
productivity variations conditional on input usage while mitigating endogeneity concerns.

To ensure sufficient observations for each firm and reduce the bias in the estimated
persistence parameter, I then retain only firms with continuous TFP coverage over the
1980-2021 period and estimate the firm-level AR(1) productivity regression in (1.61).
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Quantitative Results: Additional Details

Heterogeneous Firm Outcomes across Emissions Intensity
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Figure A.1: Cross-sectional firm outcomes across emissions intensity deciles

Notes: The mean of log(MRPK), leverage (debt-to-assets ratio) and cash (cash-to-assets ratio) is
calculated within each emissions intensity decile. In the model, emissions intensity deciles also correspond
in rank to the asset tangibility deciles. The model outcomes are evaluated at the laissez-faire for both
models.

Mapping Model Units to Real-World Units

To relate the abstract carbon tax units (τe) in the model to real-world values, I use a
back-of-the-envelope calculation. I choose a unitless target to match between the model
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and the data: the proportion of potential carbon tax revenues in U.S. GDP in the reference
year 2020. The carbon tax rate can then be converted from model units to dollars per
ton of CO2 via:

τe($/tCO2) =
τe(model)E(model)

Y (model)
× Y ($)

E(t CO2)
(A.23)

where

Y ($) =
Y (model)

Yτe=0(model)
× (U.S GDP in 2020) (A.24)

E(t CO2) =
E(model)

Eτe=0(model)
× (CO2 emissions in 2020) (A.25)

This procedure implicitly assumes that no universal carbon tax was in effect in 2020. In
the data, I use U.S. GDP in 2020 (in 2020 dollars) and total greenhouse gas emissions in
2020 excluding the residential sector.

Calculation of CEV

To better compare welfare across states, I measure welfare loss (or gain) in terms of
permanent consumption equivalents. Let variables with a bar (−) denote outcomes under
the laissez-faire setting (τe = 0) for comparison and variables without the bar denote
the outcomes under a specific policy scenario. Based on the lifetime welfare measure in
expression (1.60), to calculate the permanent consumption equivalent variation, I suppose
there is a value of ψ such that

W̄0 =
∞∑
t=0

βt

(
log(Ct)−m

Et

1− β

)
, (A.26)

W0 =
∞∑
t=0

βt

(
log(ψCt)−m

Et

1− β

)
. (A.27)

and therefore,

W0 =
∞∑
t=0

βt log(ψ) +
∞∑
t=0

βt

(
log(Ct)−m

Et

1− β

)
(A.28)

=
∞∑
t=0

βt log(ψ) + W̄0. (A.29)

The welfare relative to the laissez-faire scenario, measured by ψ, thus equals

ψ = exp
[
(1− β)

(
W0 − W̄0

)]
. (A.30)
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Additional Welfare Results
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(a) Firm Welfare (CEV)
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Figure A.2: Impacts of carbon tax on firms’ and workers’ welfare

Notes: All welfare outcomes are shown as permanent consumption equivalents in percentage relative to
laissez faize in each model.

With tax revenues rebated to firms, firms’ welfare increases with carbon taxes in
both HeFF and NoFF models, with larger gains seen in the HeFF model. In contrast,
hand-to-mouth workers experience welfare losses purely due to lower equilibrium wages
resulting from higher taxes, with a slightly greater decline in the NoFF model.
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Model Analysis

Characterization of Competitive Equilibrium

Final Good Producer Problem

The firm’s problem is

max
{Nt,Et,θt+1}∞t=0

E0

∞∑
t=0

[
t∏

t̃=0

Λt̃

]
×

(
1− ϕ

2

(
θt
θt−1

− 1

)2
)
Xt

((
θ−η
t Nt

) ϵ−1
ϵ +

(
θ1−η
t Et

) ϵ−1
ϵ

) ϵ
ϵ−1︸ ︷︷ ︸

Ỹt

−pN,tNt − pE,tEt

 ,
(B.1)

where θ0 and θ−1 are given. The firm discounts future profits using the household’s

stochastic discount factor, Λt+1 ≡ β u′(Ct+1)
u′(Ct)

= β Ct

Ct+1
with Λ0 = 1. The expectation

is redundant for the main analysis of the model. We include it to aid the exposition
of the stochastic version used in the calibration. Similarly, in the deterministic model
β Ct

Ct+1
= 1

1+rt+1
, and the firm discounts at the rate of interest. In the stochastic version,

the firm does not know the rate of interest with certainty. Since it is owned by the
household, it uses the household’s expected discount factor.

The first-order conditions are

Nt :
pN,tNt

Ỹt
=

(
1− ϕ

2

(
θt
θt−1

− 1

)2
)(

Ỹt
Nt

) 1−ϵ
ϵ (

Xtθ
−η
t

) ϵ−1
ϵ (B.2)

Et :
pE,tEt

Ỹt
=

(
1− ϕ

2

(
θt
θt−1

− 1

)2
)(

Ỹt
Et

) 1−ϵ
ϵ (

Xtθ
1−η
t

) ϵ−1
ϵ (B.3)

θt+1 : 0 =Et

{
−ϕ
(
θt+1

θt
− 1

)
θt+1

θt

+ Λt+2ϕ

(
θt+2

θt+1

− 1

)
θt+2

θt+1

Ỹt+2

Ỹt+1

+

(
1− ϕ

2

(
θt+1

θt
− 1

)2
)(

Ỹt+1

Xt+1

) 1−ϵ
ϵ

×
[
−η
(
θ−η
t+1Nt+1

) ϵ−1
ϵ + (1− η)

(
θ1−η
t+1Et+1

) ϵ−1
ϵ

]}
.

(B.4)
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Combining all of the first-order conditions, we can re-write the last (B.4) as

θt+1 : 0 =Et

{
−ϕ
(
θt+1

θt
− 1

)
θt+1

θt

+ Λt+2ϕ

(
θt+2

θt+1

− 1

)
θt+2

θt+1

Ỹt+2

Ỹt+1

+

(
1− ϕ

2

(
θt+1

θt
− 1

)2
)
[−ηsN,t+1 + (1− η)sE,t+1]

}
,

(B.5)

where sJ,t =
pJ,tJt(

1−Φ
(

θt
θt−1

))
Ỹt

is share of output paid to factor J = N,E and sN,t + sE,t = 1.

Plugging this identity into the previous equation and rearranging yields

θt+1 : 0 =Et

{
−ϕ
(
θt+1

θt
− 1

)
θt+1

θt

+ Λt+2ϕ

(
θt+2

θt+1

− 1

)
θt+2

θt+1

Ỹt+2

Ỹt+1

− pN,t+1Nt+1

Ỹt+1

+ (1− η)

(
1− ϕ

2

(
θt+1

θt
− 1

)2
)}

.

(B.6)

Intermediate Producer Problem

The intermediate producer solves

max
Kt,L

pN,tK
α
t L

1−α − ρtKt − wtL, (B.7)

which gives

ρt = αpN,tK
α−1
t L1−α (B.8)

wt = (1− α)pN,tK
α
t L

−α. (B.9)

Combining these results gives the usual price index:

pN,t = α−α(1− α)α−1w1−α
t ραt . (B.10)

Final Energy Producer Problem

The final energy producer solves

max
Ed,t,Ec,t

pE,tE
γ
d,tE

1−γ
c,t − (1 + τd,t)pd,tEd,t − pc,tEc,t, (B.11)
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which yields

pc,tEc,t = (1− γ)pE,tEt (B.12)

(1 + τd,t)pd,tEd,t = γpE,tEt. (B.13)

Combining these results gives the final energy price index:

pE,t = γ̃p1−γ
c,t (1 + τd,t)

γpγd,t. (B.14)

where γ̃ = γ−γ(1− γ)γ−1.

Household Problem

The household maximizes (2.9) subject to the budget constraint given by (2.10) and
(2.11), which yields the Euler equation,

1 = Et

(
β
Ct

Ct+1

(1 + rt+1)

)
, (B.15)

where
rt := ρt − δ, (B.16)

and the transversality condition,

lim
t→∞

E0

(
βTC−1

T KT+1

)
= 0. (B.17)

Again, the expectation is redundant for the main analysis of the model. We include it to
aid the exposition of the stochastic version used in the calibration.

Proof of Proposition 2.2

To derive the results, we consider the first-order conditions from our fully-specified
model, but consider the case where there are no adjustment costs (ϕ = 0), which implies
that firms maximize single-period profits.

To find the σSR, we combine (B.2) and (B.3) to get

Et/Nt = (pE,t/pN,t)
−ϵ θϵ−1

t (B.18)

and then compute

σSR := −
d ln(Et

Nt
)

d ln(
pE,t

pN,t
)

∣∣∣∣∣
θt fixed

= ϵ. (B.19)
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To find σLR, we evaluate the combined first-order condition (B.5) with ϕ = 0:

Et/Nt =
η

1− η

(
pE,t

pN,t

)−1

. (B.20)

and compute

σLR := −
d ln(Et

Nt
)

d ln(
pE,t

pN,t
)
= 1. (B.21)

Intensive Form

In this section, we present the intensive form of the model. We use Ẑt ≡ Zt/Zt to
denote the detrended value for any variables Zt and κZ,t ≡ Zt/Zt−1 to denote the ratio of
current to last period level of any variable Zt. In deriving the intensive form, we regularly
make use of the approximation that exp(x) ≈ 1 + x when x is small, which aids the
translation of the model to the stochastic version used in calibration.

The trend for Ct, It, Ỹt, wt is defined by Ỹt = X
1

(1−α)(1−η)

t (p1−γ
c,t p

γ
d,t)

−η
(1−α)(1−η) . The

trend for Et is defined by Et = X
1

(1−α)(1−η)

t (p1−γ
c,t p

γ
d,t)

α(1−η)−1
(1−α)(1−η) . The trend for Nt is

defined by Nt = X
α

(1−α)(1−η)

t (p1−γ
c,t p

γ
d,t)

−αη
(1−α)(1−η) . The trends for Kt and θt are defined

by Kt = X
1

(1−α)(1−η)

t−1 (p1−γ
c,t−1p

γ
d,t−1)

−η
(1−α)(1−η) and θt = X

−1
1−η

t−1 (p
1−γ
c,t−1p

γ
d,t−1)

1
1−η respectively.

The trend for pN,t is defined by pN,t = X
1

1−η

t (p1−γ
c,t p

γ
d,t)

−η
1−η . The trend for pE,t is de-

fined by pE,t = p1−γ
c,t p

γ
d,t. Lastly, the trends for Ec,t and Ed,t are defined by Ec,t =

X
1

(1−α)(1−η)

t p
−η(1−γ)−(1−α)(1−η)

(1−α)(1−η)

c,t p
−ηγ

(1−α)(1−η)

d,t and Ed,t = X
1

(1−α)(1−η)

t p
−η(1−γ)

(1−α)(1−η)

c,t p
−ηγ−(1−α)(1−η)

(1−α)(1−η)

d,t respec-
tively. Equations (B.22) to (B.36) describe the full competitive equilibrium in intensive
form:

exp

(
gX,t

(1− α)(1− η)

)
exp

(
−η(1− γ)gpc,t
(1− α)(1− η)

)
exp

( −ηγgpd,t
(1− α)(1− η)

)
= κỸ ,t (B.22)

exp

(
−gX,t−1

1− η

)
exp

(
(1− γ)gpc,t−1

1− η

)
exp

(
γgpd,t−1

1− η

)
= κθ,t (B.23)

Λt+1 ≡ β
Ĉt

Ĉt+1κỸ ,t+1

(B.24)

Et [Λt+1(1 + ρt+1 − δ)] = 1 (B.25)((
θ̂−η
t N̂tκ

η
θ,t+1

) ϵ−1
ϵ

+
(
θ̂1−η
t Êtκ

η−1
θ,t+1

) ϵ−1
ϵ

) ϵ
ϵ−1

= ̂̃Y t (B.26)
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Et

{
(1− η)

[
1− Φ

(
θ̂t+1

θ̂t
κθ,t+1

)]
− p̂N,t+1N̂t+1̂̃Y t+1

−Φ′

(
θ̂t+1

θ̂t
κθ,t+1

)(
θ̂t+1

θ̂t
κθ,t+1

)

+Λt+2Φ
′

(
θ̂t+2

θ̂t+1

κθ,t+2

)(
θ̂t+2

θ̂t+1

κθ,t+2

) ̂̃Y t+2̂̃Y t+1

κỸ ,t+2

}
= 0 (B.27)

[
1− Φ

(
θ̂t

θ̂t−1

κθ,t

)]( θ̂t
κθ,t+1

)1−η
 ϵ−1

ϵ ( ̂̃Y t

Êt

) 1
ϵ

= p̂E,t (B.28)

[
1− Φ

(
θ̂t

θ̂t−1

κθ,t

)]((
θ̂t

κθ,t+1

)−η) ϵ−1
ϵ
( ̂̃Y t

N̂t

) 1
ϵ

= p̂N,t (B.29)

N̂tκ
α
Ỹ ,t

= K̂α
t (B.30)

α
N̂t

K̂t

κỸ ,t =
ρt
p̂N,t

(B.31)

(1− α)N̂t =
ŵt

p̂N,t

(B.32)

p̂E,t = γ̃(1 + τd,t)
γ

(B.33)

(1− γ)p̂E,tÊt = Êc,t (B.34)

γp̂E,tÊt = (1 + τd,t)Êd,t

(B.35)

Ĉt + K̂t+1 − (1− δ)K̂t
1

κỸ ,t

+ Êc,t + Êd,t =

[
1− Φ

(
θ̂t

θ̂t−1

κθ,t

)]̂̃Y t. (B.36)

Balanced Growth Path

We use Zss to denote the steady-state value of any variable Z, which is frequently a
detrended variable. The steady state of the full model is as follows:

κỸ ,ss = exp

(
gX

(1− α)(1− η)

)
exp

(
−η(1− γ)gpc
(1− α)(1− η)

)
exp

(
−ηγgpd

(1− α)(1− η)

)
(B.37)

κθ,ss = exp

(
−gX
1− η

)
exp

(
(1− γ)gpc
1− η

)
exp

(
γgpd
1− η

)
(B.38)

Φss(κθ,ss) =
ϕ

2
(κθ,ss − 1)2 (B.39)

Φ′
ss(κθ,ss) = ϕ(κθ,ss − 1) (B.40)
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Λss = β/κỸ ,ss (B.41)

ρss =
1

Λss

− 1 + δ (B.42)

sN,ss = 1− η −
Φ′

ss(κθ,ss)κθ,ss(1− ΛssκỸ ,ss)

1− Φss(κθ,ss)
(B.43)

sE,ss = 1− sN,ss (B.44)

p̂E,ss = γ̃(1 + τd,ss)
γ (B.45)

θ̂ss = p̂
1

1−η

E,ssκθ,ss

(
(1− Φss(κθ,ss))

ϵ−1
ϵ s

−1
ϵ

E,ss

) −ϵ
(ϵ−1)(1−η)

(B.46)

p̂N,ss = (1− Φss(κθ,ss))s
−1
ϵ−1

N,ss

(
θ̂ss
κθ,ss

)−η

(B.47)

K̂ss =

(
αp̂N,ss

ρss

) 1
1−α

κỸ ,ss (B.48)

Îss =

(
1− 1− δ

κỸ ,ss

)
K̂ss (B.49)

N̂ss =

(
K̂ss

κỸ ,ss

)α

(B.50)

ŵss = (1− α)N̂ssp̂N,ss (B.51)̂̃Y ss =
p̂N,ssN̂ss

(1− Φss(κθ,ss))sN,ss

(B.52)

Êss =
̂̃Y sssE,ss(1− Φss(κθ,ss))

p̂E,ss

(B.53)

Êc,ss = (1− γ)p̂E,ssÊss (B.54)

Êd,ss =
γp̂E,ssÊss

1 + τd,ss
(B.55)

Ĉss = (1− Φss(κθ,ss))
̂̃Y ss − Îss − Êc,ss − Êd,ss. (B.56)

Intensive Form and Balanced Growth Path in Stochastic Model

In this section, we present changes in both the intensive form of model equations and
steady-state values in the stochastic model, relative to the deterministic model. We model
two stochastic processes for growth rates of Xt and pE,t, and abstract away from the final
energy producer’s problem since our focus is on the energy efficiency dynamics in the
stochastic setting. The introduction of randomness implies that the consumer and final
good producer can only satisfy their first-order conditions in expectation.
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In the stochastic model, the trend for Ct, It, Ỹt, wt is defined by Ỹt = X
1

(1−α)(1−η)

t p
−η

(1−α)(1−η)

E,t .

The trend for Et is defined by Et = X
1

(1−α)(1−η)

t p
α(1−η)−1
(1−α)(1−η)

E,t . The trend for Nt is de-

fined by Nt = X
α

(1−α)(1−η)

t p
−αη

(1−α)(1−η)

E,t . The trends for Kt and θt are defined by Kt =

X
1

(1−α)(1−η)

t−1 p
−η

(1−α)(1−η)

E,t−1 and θt = X
−1
1−η

t−1 p
1

1−η

E,t−1 respectively. Lastly, the trend for pN,t is defined

by pN,t = X
1

1−η

t p
−η
1−η

E,t .
The following dynamic equations in intensive form need to be updated relative to

their deterministic versions in Appendix Section B:

exp

(
gX,t

(1− α)(1− η)

)
exp

( −ηgpE,t

(1− α)(1− η)

)
= κỸ ,t (B.57)

exp

(
−gX,t−1

1− η

)
exp

(
gpE,t−1

1− η

)
= κθ,t (B.58)

[
1− Φ

(
θ̂t

θ̂t−1

κθ,t

)]( θ̂t
κθ,t+1

)1−η
 ϵ−1

ϵ ( ̂̃Y t

Êt

) 1
ϵ

= 1 (B.59)

Ĉt + K̂t+1 − (1− δ)K̂t
1

κỸ ,t

+ Êt =

[
1− Φ

(
θ̂t

θ̂t−1

κθ,t

)] ̂̃Y t (B.60)

where

gX,t = (1− ρX)µX + ρXgX,t−1 + ωX,t (B.61)

gpE,t
=

(
1−

4∑
i=1

ρpE ,i

)
µpE +

4∑
i=1

ρpE ,igpE,t−i
+

2∑
i=1

ψpE ,iωpE ,t−i + ωpE ,t. (B.62)

and the following steady-state values along the balanced growth path need to be updated
relative to their values from Appendix Section B:

κỸ ,ss = exp

(
µX

(1− α)(1− η)

)
exp

(
−ηµpE

(1− α)(1− η)

)
(B.63)

κθ,ss = exp

(
−µX

1− η

)
exp

(
µpE

1− η

)
(B.64)

θ̂ss = κθ,ss

(
(1− Φss(κθ,ss))

ϵ−1
ϵ s

−1
ϵ

E,ss

) −ϵ
(ϵ−1)(1−η)

(B.65)

Êss =
̂̃Y sssE,ss(1− Φss(κθ,ss)) (B.66)

Ĉss = (1− Φss(κθ,ss))
̂̃Y ss − Îss − Êss. (B.67)

In addition, all dynamic and steady state equations related to the final energy producer’s
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problem are omitted in the stochastic model.

CES Production for Et

In the baseline deterministic model, we consider a Cobb-Douglas production for final
energy Et. In this section, we present the model variation with a CES production function
for Et, as specified in (2.23). With a CES production function, the final energy producer’s
problem yields the following first order conditions and final energy price index,

pE,t γ

(
Et

Ed,t

)1/χ

= pd,t(1 + τd,t) (B.68)

pE,t (1− γ)

(
Et

Ec,t

)1/χ

= pc,t (B.69)

pE,t =
[
γχ(pd,t(1 + τd,t))

1−χ + (1− γ)χp1−χ
c,t

] 1
1−χ (B.70)

To be consistent with the balanced growth facts, we assume that gpd,t = gpc,t . The

trend for Ct, It, Ỹt, wt is defined by Ỹt = X
1

(1−α)(1−η)

t (pc,t)
−η

(1−α)(1−η) . The trends for Et

and Nt are defined by Et = X
1

(1−α)(1−η)

t (pc,t)
α(1−η)−1
(1−α)(1−η) and Nt = X

α
(1−α)(1−η)

t (pc,t)
−αη

(1−α)(1−η)

respectively. The trends for Kt and θt are defined by Kt = X
1

(1−α)(1−η)

t−1 (pc,t−1)
−η

(1−α)(1−η) and

θt = X
−1
1−η

t−1 (pc,t−1)
1

1−η respectively. The trend for pN,t is defined by pN,t = X
1

1−η

t (pc,t)
−η
1−η .

The trend for pE,t is defined by pE,t = pc,t. Lastly, the trends for Ec,t and Ed,t are defined

by Ec,t = Ed,t = X
1

(1−α)(1−η)

t p
α(1−η)−1
(1−α)(1−η)

c,t .
With CES production for Et, the following dynamic equations in intensive form need
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to be updated relative to their versions in Appendix Section B:

exp

(
gX,t

(1− α)(1− η)

)
exp

(
−ηgpc,t

(1− α)(1− η)

)
= κỸ ,t (B.71)

exp

(
−gX,t−1

1− η

)
exp

(
gpc,t−1

1− η

)
= κθ,t (B.72)

p̂E,t =

[
γχ
(
pd,t
pc,t

(1 + τd,t)

)1−χ

+ (1− γ)χ

] 1
1−χ

(B.73)

p̂E,t γ

(
Êt

Êd,t

)1/χ

=
pd,t
pc,t

(1 + τd,t) (B.74)

p̂E,t (1− γ)

(
Êt

Êc,t

)1/χ

= 1 (B.75)

Ĉt + K̂t+1 − (1− δ)K̂t
1

κỸ ,t

+ Êc,t +
pd,t
pc,t

Êd,t =

[
1− Φ

(
θ̂t

θ̂t−1

κθ,t

)] ̂̃Y t. (B.76)

The following steady-state values need to be updated relative to their values in Appendix
Section B:

p̂E,ss =

[
γχ
(
pd,ss
pc,ss

(1 + τd,ss)

)1−χ

+ (1− γ)χ

] 1
1−χ

(B.77)

Êd,ss = Êss

(
p̂E,ss γ

pd,ss
pc,ss

(1 + τd,ss)

)χ

(B.78)

Êc,ss = Êss (p̂E,ss (1− γ))χ (B.79)

Ĉss = (1− Φss(κθ,ss))
̂̃Y ss − Îss − Êc,ss −

pd,ss
pc,ss

Êd,ss. (B.80)

Throughout the analysis with CES production for Et, we assume that
pd,t
pc,t

=
pd,ss
pc,ss

= 0.4,

i.e., the dirty-to-clean relative price is held fixed at its initial value.

133



Appendix for Chapter 2 Chapter B

Proof of Proposition 2.3

The first-order conditions for the social planner’s problem are:

Ct :
1

Ct

= λt, (B.81)

Ec,t :

(
1− Φ

(
θt
θt−1

))
∂Ỹt
∂Et

(1− γ)
Et

Ec,t

= pc,t, (B.82)

Ed,t :

(
1− Φ

(
θt
θt−1

))
∂Ỹt
∂Et

γ
Et

Ed,t

= pd,t +
Ω

βtλt
, (B.83)

Kt+1 : 1 = β
Ct

Ct+1

(1 + ρt+1 − δ), (B.84)

Ω : Ω ≥ 0,
∞∑
t=0

Ed,t ≤ Emax, Ω

(
Emax −

∞∑
t=0

Ed,t

)
= 0. (B.85)

It is easy to confirm that these are just the decentralized equilibrium condition with
one exception: the first-order condition for dirty energy has the extra term Ω

βtλt
. This

extra term is the external cost of dirty energy use. This term exists because firms do not
take into account how their dirty energy use affects the policy goal, and the externality is
just the shadow value on this constraint.

Note that C−1
t = λt is the marginal utility of consumption, as shown in the first-order

condition for Ct. To implement the optimal policy, therefore, we simply require a tax,
τut = β−tCtΩ, that grows at rate gτ,t = β−1 Ct

Ct−1
. From (B.15), this growth rate is equal to

1 + rt.

Numerical Solution Method

We implement the model solution in Dynare (Adjemian et al., 2024). The stochastic
model is solved with a first-order approximation of the model around its steady state.
The deterministic model is solved with a perfect foresight solver given an initial and a
terminal steady state.

With a per-unit tax, the tax-inclusive price of dirty energy only grows at a constant
rate asymptotically. As a result, the BGP only exists asymptotically. When simulating the
LCP, therefore, we assume that the tax becomes a constant ad valorem tax after T1 = 300
years. We simulate out to a period of T2 = 600 years. When calculating the CEV, we sum
welfare over the first T3 = 300 years. We confirm that, because of discounting, changing
T1, T2 or T3 has essentially no impact on the dynamics during the period we study.
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Data Sources

Unless otherwise noted, all of our data come from the State Energy Data System
(SEDS) produced by the EIA (https://www.eia.gov/state/seds/seds-data-compl
ete.php?sid=US). The data cover the period 1970-2021. All variable codes refer to these
data. The codebook is available at https://www.eia.gov/state/seds/seds-technic
al-notes-complete.php?sid=US (see ‘Codes and descriptions’).

Data for Figure 2.1 and IRFs

The SEDS data directly report total expenditure on final energy (‘total end-use energy
expenditures’, TETXV) and the BTU-weighted nominal price of final energy (‘total
end-use energy average price’, TETXD). Both are nominal values. The EIA also reports
nominal GDP, real GDP, and the GDP deflator in its Monthly Energy Review (MER)
data series (see Table C1 at https://www.eia.gov/totalenergy/data/monthly/).
These data originally come from the Bureau of Economic Analysis (BEA). The energy
expenditure share is total expenditure on final energy divided by the sum of nominal GDP
and energy expenditure, and the real price of final energy is the nominal price divided by
the GDP deflator. Real values are measured in 2012 dollars.

Prior to estimating the IRFs in the model, we separately estimate the dynamics of
TFP. To do so, we use data on total factor productivity at constant national prices for the
United States from the Federal Reserve Bank of St. Louis (https://fred.stlouisfed.
org/series/RTFPNAUSA632NRUG). The TFP data series covers the period 1970-2019.
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Figure B.1: Data Inputs into VAR

Panel (a) of Figure B.1 shows the raw time series of energy expenditure share as well
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as a fitted linear time trend. Panel (b) shows the two data series used in our baseline
analysis: the growth rate of energy prices and the detrended energy expenditure share.

Data for Section 2.5.3

To calculate total expenditure on fossil fuels, we sum total expenditure on coal
(CLTCV), natural gas (NGTCV), and petroleum products (PATCV). Note that this
includes coal and natural gas used as final energy. When coal and natural gas are not
altered prior to their use in production, they are both primary and final energy. We
divide total expenditure on fossil fuels by total expenditure on final energy to estimate γ.

To measure the total quantity of dirty use, we add total consumption of coal (CLTCB),
natural gas (NGTCB), and petroleum products (PATCB). As in our main calculation for
final energy, we measure quantities in BTUs for all energy sources. To measure the average
price of dirty energy, we divide expenditure on fossil fuels by total usage. We convert
nominal prices to real prices using the GDP deflator. To measure the total quantity
of clean energy, we take the total quantity of renewable energy directly from the data
(RETCB).

Comparison to Hassler et al. (2021a)

1970 1975 1980 1985 1990 1995 2000 2005 2010 2015 2020
0

5

10

15

20

25

E
ne

rg
y 

P
ric

e 
($

20
12

/m
ill

io
n 

B
T

U
)

0

5

10

15

20

25

30

35

40

45

50

E
ne

rg
y 

P
ric

e 
($

20
12

/m
ill

io
n 

B
T

U
s 

of
 e

le
ct

ric
ity

)

Simple (left)
HKO (right)

(a) Prices

1970 1975 1980 1985 1990 1995 2000 2005 2010 2015 2020
0

10

20

30

40

50

60

70

80

E
ne

rg
y 

(q
ua

dr
ill

io
n 

B
T

U
)

0

5

10

15

20

25

30

35

40

E
ne

rg
y 

(q
ua

dr
ill

io
n 

B
T

U
s 

of
 e

le
ct

ric
ity

)

Simple (left)
HKO (right)

(b) Quantities

Figure B.2: Comparison to Hassler et al. (2021a) Measurement

Notes: Panel (a) shows the average real price of final energy from the SEDS data ($2012/million BTUs)
and the average real price of final energy using the HKO methodology ($2012/million BTUs of electricity).
Panel (b) shows quantity of final energy from the SEDS data (quadrillion BTUs) and using the HKO
methodology (quadrillion BTUs of electricity).

Hassler et al. (2021a) suggest an alternative method of estimating aggregate energy
prices that weights different types of energy by their average price. They apply their
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method to fossil fuel primary energy. We recalculate our measure of the average real
price of final energy and show that it is very similar to the series we use in our empirical
analysis.

To do so, we consider final energy from four sources: electricity, coal, natural gas,
and petroleum products. Coal and natural gas are considered final energy when they
are not used to produce electricity (e.g., when they are used in industrial production or
for residential heating). This analysis excludes final energy from biomass, because price
data are unavailable. SEDS reports the nominal price of each energy type when it is
used as a source of final energy (ESTXD, CLTXD, NGTXD, and PATXD). As above, we
convert these to real values using the GDP deflator. On average, coal is 11% as expensive
as electricity per BTU, while natural gas is 25% as expensive and petroleum products
are 51% as expensive. The Hassler et al. (2021a) method assumes that these relative
prices reflect differences in the relative efficiency of different energy sources. Then, we
can calculate the total quantity of energy measured in BTUs of electricity as

EHKO = Ee + 0.11Ec + 0.25Eg + 0.51Ep, (B.86)

where Ee is BTUs of electricity used as a final energy source (ESTXB in the SEDS data),
Ec is BTUs of coal (CLTXB), Eg is BTUs of natural gas (NGTXB), and Ep is BTUs of
petroleum products (PATXB).

Note that the calculation of total expenditure on final energy is not affected by how
we weight energy sources. The weighted-average real price of final energy can then be
calculated as real expenditure on final energy divided by EHKO:

pHKO
E =

pEE

EHKO
, (B.87)

where pEE is real energy expenditure. Panel (a) of B.2 plots the price series used in our
analysis and the HKO version. While they have different units (BTUs versus BTUs of
electricity), they move together very closely, indicating that our results are not driven
by our method of calculating the average real price of final energy. For completeness,
panel (b) plots total BTUs of final energy against EHKO and shows that they also follow
a similar path.
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Matching Procedure

This appendix provides further details on the matching procedure. Consider the vector
φφφ = (ϵ, ϕ)′. Our aim is to choose the vector φφφ that ensures the best match between the
IRFs of the empirical and theoretical models over p periods. Specifically, we want to match
the IRFs for the energy share of income, sE,t, as the ARIMA function ensures a match
between the IRFs for energy price growth, ∆ ln(pE,t). Our estimated vector is denoted φ̂̂φ̂φ.
We estimate φ̂̂φ̂φ using the following weighted sum of squared residuals estimator:

φ̂̂φ̂φ = argmin
φφφ

(
IRFmodel(φφφ)− IRF empirical

)′
W
(
IRFmodel(φφφ)− IRF empirical

)
,

where IRF empirical and IRFmodel are (p× 1) vectors with empirical and model generated
IRFs for sE,t, and W is a (p× p) diagonal weighting matrix containing inverse variance
estimates from the empirical estimation. The weighting matrix ensures that deviations
from the empirical IRF are penalized more heavily when the corresponding estimates are
more precise.
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Robustness

No Detrending

Figure B.3 shows IRFs from our SVAR model where only sE,t is detrended (baseline),
no variables are detrended, and both variables are detrended. A notable difference is the
slower transition dynamics for sE,t when sE,t is not detrended. Meanwhile, detrending
∆ ln(pE,t) has little effect on the dynamics.
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Figure B.3: IRFs for a one-standard deviation shock to ∆ ln(pE,t) in a SVAR model
with a short-run restriction and one lag with and without detrending: detrending of sE,t

(baseline), no detrending, and detrending of both variables

Lag Selection

Table B.1 shows lag-order selection statistics based on VAR models with one to six
lags. All selection statistics suggest one lag.

To investigate the importance of the lag-order, we compute IRFs from our SVAR
model using a short-run restriction and one to four lags. As shown in Figure B.4, the
overall patterns are similar. The models with one and two lags provide quite similar IRFs,
while the IRFs become notably noisier for three and four lags.

Augmented SVAR Models

This appendix provides estimation results from SVAR models with three variables.
We call these augmented SVAR models. The augmented SVAR models are given by

xt = c+ A1xt−1 + ...+ Anxt−n + ut, (B.88)
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Table B.1: Lag-order selection statistics for VAR model

Lags LR FPE AIC HQIC SBIC

0 - 1.4·10−6 -7.77 -7.74 -7.69
1 190.81∗ 2.5·10−8∗ -11.84∗ -11.75∗ -11.60∗

2 3.863 2.7·10−8 -11.74 -11.60 -11.34
3 4.20 3.0·10−8 -11.66 -11.45 -11.10
4 8.01 3.0·10−8 -11.66 -11.39 -10.94
5 4.57 3.3·10−8 -11.58 -11.26 -10.70
6 1.54 3.8·10−8 -11.44 -11.05 -10.40

Notes: The following acronyms are used: likelihood ratio (LR),

final prediction error (FPE), Akaike’s information criterion (AIC),

Schwarz’s Bayesian information criterion (SBIC), and the Hannan

and Quinn information criterion (HQIC). All tests are conducted
on the same effective sample.
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Figure B.4: IRFs for a one-standard deviation shock to ∆ ln(pE,t) for different numbers
of lags in a SVAR model with a short-run restriction
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where xt = (∆ ln(pE,t), yt, sE,t)
′, yt is the additional variable (e.g. GDP growth or

unemployment level), c is a (3 × 1) vector of constants, the A variables are (3 × 3)
coefficient matrices, and ut is a (3× 1) vector of error terms.

For identification, we assume that energy price growth is not contemporaneously
affected by shocks to the energy share of income and the additional variable, and the
additional variable is not contemporaneously affected by shocks to the energy share of
income. Again, the idea is that end-use energy prices react with a lag to other innovations
in the economy due to contracts and other rigidities.

We have estimated the augmented SVAR using the (i) detrended unemployment rate,
(ii) employment growth, (iii) detrended employment growth, (iv) non-farm employment
growth, (v) detrended non-farm employment growth, (vi) nominal GDP growth, (vii)
detrended nominal GDP growth, (viii) real GDP growth, and (ix) detrended real GDP
growth. Lag-order selection statistics generally support one lag, and all estimations are
therefore conducted using one lag.

All estimated IRFs from the augmented models show the same overall patterns as
our baseline specification with two variables. To illustrate this, Figure B.5 shows IRFs
for ∆ ln(pE,t) and sE,t following a one-standard deviation shock to ∆ ln(pE,t) for four
augmented models and our baseline specification with two variables.
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Figure B.5: IRFs for a one-standard deviation shock to ∆ ln(pE,t) for the baseline SVAR
model and four augmented models

Quarterly Data Analysis

The EIA only provides energy expenditure data at a yearly frequency. To conduct an
econometric analysis at a higher frequency, we therefore need to construct our own energy
expenditure estimate using available higher frequency data. This appendix first describes
how a quarterly dataset is constructed using monthly data from the EIA and quarterly
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data from the BEA. Thereafter, we conduct a SVAR analysis using the quarterly dataset
to investigate the robustness of the results from the main analysis.

Computing Monthly Energy Expenditures

We use monthly energy statistics provided by the U.S. Energy Information Admin-
istration (2025a). These data contain information on the quantity of energy consumed
and energy prices. We then compute energy expenditures at the monthly frequency using
these figures. We verify our method by aggregating our monthly estimate into a yearly
estimate, which we then compare to the official yearly estimate from the EIA.

Aggregate energy consumption is measured as end-use energy consumed across all
end-use sectors. End-use energy consumed is primary energy plus electricity. The end-use
sectors used by the EIA are the residential sector, the commercial sector, the industrial
sector, and the transportation sector. However, as we lack price data on renewable energy,
and since renewable energy constitutes a small part of primary energy consumption by the
end-use sectors, we do not include renewable energy in our primary energy computation.
Renewable energy in the electricity sector is included through electricity purchases by
end-use sectors.

We start by computing end-use energy for coal, natural gas, petroleum products,
and electricity for each end-use sector. We sum end-use energy to obtain an aggregate
measure. We then aggregate to an annual level and compare the figures to end-use energy
consumption from the SEDS database. The level deviates by around 5 percent on average,
but – as shown in Figure B.6 – the variations in the two time series are very similar.
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Figure B.6: Comparing yearly end-use energy consumption from the SEDS database with
computations based on monthly data

We then obtain sector-specific monthly price data for the four energy types. For
natural gas, we use ”Natural Gas Price, Delivered to Consumers”. These prices are
reported for the residential sector, the commercial sector, and the industrial sector. There
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are missing data for the commercial and the industrial sector, and there are no values
for the transport sector. When data are unavailable, we use prices for the residential
sector. For petroleum products, we use ”Refiner Price of Finished Motor Gasoline to End
Users” for all sectors. There are no price data on coal for the end-use sectors. We use
”Cost of Coal Receipts at Electric Generating Plants”. This is motivated by the fact that
most coal is consumed by the electricity sector (around 90 percent in 2023 according to
the U.S. Energy Information Administration (2024)). Hence, this coal price must be the
dominating market price in the US coal market. Finally, we use end-use sector-specific
electricity prices (”Average Price of Electricity to Ultimate Customers”) when these are
available. In case of missing data, we use residential electricity prices. These are, however,
not available for the period January 1984 to December 1989. We, therefore, extrapolate
sector-specific electricity prices linearly for this period.

Fuel-specific expenditures for each end-use sector are computed by multiplying prices
and quantities. Aggregate energy expenditures are obtained by summing fuel-specific
expenditures for all sectors. The monthly dataset starts in January 1982. The shortened
time span compared to the yearly dataset is due to unavailable prices for petroleum
products.

We then aggregate to yearly data to check the quality of our computation against
official EIA data. Figure B.7 shows that our yearly estimate tracks the official numbers
from the SEDS database closely.
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Figure B.7: Comparing yearly energy expenditures from the SEDS database with yearly
estimates based on monthly data

Constructing a Quarterly Dataset

The next step is to compute energy expenditures at the quarterly level, aligning with
the highest available frequency of GDP data. Quarterly GDP data are downloaded from
the website of the U.S. Bureau of Economic Analysis (2025b), and the energy share of
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income at the quarterly frequency is obtained by dividing quarterly energy expenditures
by quarterly GDP figures (using the gross energy share of income results in similar
conclusions). Figure B.8 compares the yearly energy share of income from the SEDS
database with the computed quarterly energy share. The two time series closely track
each other. We compute the energy price by dividing energy expenditures by energy use.
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Figure B.8: Comparing the energy share of income from the quarterly dataset and yearly
data from the SEDS database
Notes: Yearly SEDS data placed in the first quarter of every year.

Finally, we obtain real prices using the GDP deflator.

SVAR Analysis

Using quarterly data may introduce short-run dynamics into the VAR model like
business cycle fluctuations and seasonal variation in energy expenditures. We, therefore,
need to add seasonal dummies to our VAR model and rerun specification tests.

We start by considering the VAR model

xt = c+

p∑
j=1

Ajxt−j + dSt + ut,

where xt is a (n× 1) vector with n endogenous variables, c is a (n× 1) vector of constants,
p is the lag length, Aj are (n × n) matrices, St is a (3 × 1) vector containing seasonal
dummies, d is a (n× 3) matrix of season coefficients, and ut is a (n× 1) vector containing
the error terms. A seasonal dummy for quarter i equals one when it is quarter i and zero
otherwise. Only three seasonal dummies are needed, as the fourth quarter is identified as
the quarter where the three seasonal dummies equal zero. Lag length statistics generally
support 5 lags, hence we run our quarterly SVAR model with 5 lags.

144



Appendix for Chapter 2 Chapter B

Figure B.9 shows IRFs based on quarterly data for our main specification with two
variables and four augmented models. We see the same overall patterns as in the yearly
analysis, although the energy price dynamics are notably faster. The dynamics for the
energy share are also faster, but in line with our yearly IRFs, the main specification
results in an IRF significantly different from zero for around 10 years at the 68% level
(close to 9 years using quarterly data and 10 years using yearly data).
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Figure B.9: IRFs for a one-standard deviation shock to ∆ ln(pE,t) for the baseline SVAR
model and four augmented models based on quarterly data
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Additional Results

Clean Energy Subsidies

In this section, we investigate the results of a clean energy subsidy, rather than a
dirty energy tax. We focus on the case of a 20% subsidy, which is roughly in line with
the subsidies in the Inflation Reduction Act (Bistline et al., 2023). Unlike carbon taxes,
clean energy subsidies decrease the price of energy and discourage energy efficiency (e.g.,
Newell et al., 2019). Thus, these policies are more effective when accounting for the slow
dynamics of energy efficiency.

Figure B.10 shows the results. As expected, panel (a) shows that subsidies cause the
energy expenditure share to fall in the short run, because the elasticity of substitution is
below one. As in the case of carbon taxes, the transition back to the original expenditure
share happens very slowly. Panels (b) and (c) show the slow dynamics of energy intensity
and final energy use.

Panels (d) and (e) show the dynamics of flow and cumulative dirty energy use,
respectively. Casey et al. (2026b) show that clean energy subsidies actually increase
emissions in the GHKT special case. While we find identical long-run results, our results
suggest that clean energy subsidies are much more effective when taking into account the
slow dynamics of energy use. The subsidies decrease flow dirty energy use by 5 percent in
the short run and 0.1 percent in 2040. While the results still suggest limited effectiveness
of these policies in reducing dirty energy use, the results also suggest that subsidies
are unlikely to exacerbate environmental outcomes in the short run. More generally,
the results again demonstrate the importance of accounting for slow energy transition
dynamics when simulating the impacts of climate policy.

Panels (g) and (h) show the paths of GDP and consumption. The subsidy increases
energy production, boosting GDP. But, it does so at the cost of decreasing consumption,
at least partially offsetting the benefit of reduced emissions. This negative impact on
consumption is expected, because the laissez-faire equilibrium maximizes the utility from
consumption.

Robustness

In this section, we show robustness analyses in Figure B.11, Figure B.12, Figure B.13,
and Figure B.14. When production is CES, we assume gpd = gpc = 1.6%/year in all
specifications. This is necessary to ensure balanced growth.
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Figure B.10: Impacts of a 20% Clean Energy Subsidy
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Figure B.11: Impacts of a 50% Carbon Tax (χ = 2 vs. Cobb-Douglas χ = 1)
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Figure B.12: Impacts of a 50% Carbon Tax (χ = 0.95 vs. Cobb-Douglas χ = 1)
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Figure B.13: Impacts of a 50% Carbon Tax (η = 0.04 vs. η = 0.075)
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Figure B.14: Least-Cost Path (χ = 2 vs. Cobb-Douglas χ = 1)
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