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Chapter 1

Introduction

Mounting evidence in the empirical microeconomics literature highlights the per-
vasiveness of heterogeneity in preferences, balance sheets, or skills of individuals and
households that influence their economic decision-making (Browning, Hansen and
Heckman, 1999). Thus, a key feature of the structural macroeconomics in the last 30
years has been the explicit integration of heterogeneity within dynamic stochastic gen-
eral equilibrium models. The literature has grown from early seminal articles that in-
cluded household heterogeneity at the micro level, which showed that it affects prices
(Huggett, 1993) and quantities (Aiyagari, 1994), to more recent articles that show how it
affects the transmission of monetary policy (Kaplan, Moll and Violante, 2018; Auclert,
2019), the effectiveness of forward guidance (McKay, Nakamura and Steinsson, 2016),
or the study and effectiveness of fiscal policy (Hagedorn, Manovskii and Mitman, 2019;
Auclert, Rognlie and Straub, 2023). Hence, even beyond the moral and social aspects,
household heterogeneity does matter for various aspects of the economic landscape
and is of direct interest to macroeconomists.

In particular, all chapters of this thesis do speak in some way or another to hetero-
geneity in income, wealth, and consumption. While inequality in income and wealth
has received considerable attention in the media and broader public (Piketty, 2014), in
many macroeconomic models households have preferences over consumption streams,

and hence it is particularly inequality in consumption that is relevant for welfare in the



2 Introduction

economy. For this reason, a large focus will be placed on understanding inequality
in consumption and how it is shaped by economic shocks and policies. In two of the
three chapters, I do so using a specific class of model, so-called heterogeneous-agents
incomplete-markets models, as consumption inequality is an outcome of these models.

In order to facilitate the discussion about the different chapters, it is constructive
to briefly go through the mechanism of how this class of models works and how it
generates inequality (see also Heathcote, Storesletten and Violante (2009) for a great
discussion of this mechanism). The key ingredient is the so-called income fluctuation
problem. Infinitely-lived agents (that is, households or individuals) in the model are
subject to stochastic income shocks every period. A positive shock, compared to the
previous period, means more income than was expected in the previous period and
vice versa. Thus, income fluctuates, whence the name. From a practical point of view,
these shocks are a placeholder for the myriad of things that can have an effect on one’s
earnings: getting fired, receiving a bonus, etc. Of course, income also exhibits persis-
tence and these shocks can be neutral, such that agents stay at a given income position.
When implementing such a process in practice, one specifies a finite number of income
states between which agents could switch.

The other key aspect is that there is only a risk-free asset at their disposal with
which agents could self-insure their consumption against these shocks. The term con-
sumption insurance here reflects that agents do not want that changes in income pass
through to consumption; they would want to insure their consumption stream against
these fluctuations. Ideally, agents would want to trade multiple assets to cover all con-
tingencies of the future, because they desire a smooth consumption profile. However,
there are no markets at which these assets could be traded; markets are incomplete.
Agents in the model then use their stock of assets, i.e. their wealth, to counterbalance
potential shocks to their income: Deplete wealth, or borrow funds, if a negative shock
occurs and accumulate wealth for, or deleverage, if a positive shock occurs. The extent
to which households can borrow is determined by an exogenous ad-hoc limit. This

limit is an important determinant of market incompleteness and will be discussed in
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more detail below.

We can now put all the pieces together to describe the mechanism of how inequality
emerges. Agents receive different income shocks and these shocks give rise to a distri-
bution of income: A share of agents has a low income shock, another share of agents
has a middle income shock, etc. Hence there is income inequality. It also means that
under the current framework, this dimension of inequality is completely exogenous.
A different structure and persistence of the income shocks generate a different degree
of income inequality. Next, in response to these shocks agents either save in the one-
period bond, reduce savings, or borrow funds to smooth consumption as described
above. If an agent is unlucky and faces recurring negative income shocks, or gets stuck
at the lowest income level, she dissaves to smooth consumption, and her wealth de-
creases. Vice versa, if an agent is lucky and is hit by repeated positive income shocks,
or is stuck at the highest income level, she will save and her wealth increases. As this
happens for many agents, an endogenous wealth distribution emerges. In this sense,
the level of wealth captures the history of shocks that an agent received. Finally, given
that there are agents with different levels of income and wealth, they will have different
levels of consumption. Thus, the model also exhibits a distribution of consumption.

Now is a good time to be a bit more precise with respect to the different savings
motives households have. The fact that agents want to save when they are in a good in-
come state and expect income to fall in the future is independent of whether this future
income state is deterministic or stochastic. This behavior is driven by the consumption
smoothing desire of households. However, another saving motive, the precautionary
saving motive, is present when future income is uncertain and either of two conditions
are satisfied. First, agents are subject to a borrowing constraint. In this case, they are
afraid that this constraint might be binding in the future, limiting their consumption
smoothing possibilities, and as a result they save more. Second, agents’ preferences
need to exhibit prudence, which implies that agents change their behavior in response
to an increase in risk. In our case it means that as future income risk increases, agents

save more irrespective of whether borrowing limits are present or not. Crucially, the
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strength of both types of precautionary saving motives is decreasing in wealth. When
agents are richer, they do not worry too much about binding borrowing constraints or
income risk.

The discussion above implies that an important component of the model environ-
ment described above is the borrowing limit that households face. In the extreme case,
where households would never have to repay their debt, they could run a Ponzi scheme
in the face of recurring negative income shocks to perfectly smooth their consumption.
In this way, the borrowing limit affects consumption insurance and precautionary sav-
ings above.

The second chapter of this thesis is then concerned with the consumption smoothing
patterns of households as this borrowing limit changes. In particular, using aggregate
US credit card data the chapter shows that the availability of credit measured by the ag-
gregate credit limit declined abruptly at the onset of the great financial crisis of 2008-09.
Moreover, the credit limits exhibit mean-reversion or a permanent decline, depending
on whether one looks at aggregate limits or relative to GDD, respectively. Simulating
both types of credit shocks in a heterogeneous-agent incomplete-markets economy, the
chapter asks: How do permanent and mean-reverting credit shocks affect households’
consumption smoothing patterns? In this sense, the chapter combines the study of ag-
gregate credit shocks as in Guerrieri and Lorenzoni (2017) and the investigation of the
degree of self-insurance in this class of models as in Kaplan and Violante (2010).

I find that consumption insurance against idiosyncratic shocks drops on impact for
both kinds of credit shocks, while they imply qualitative different consumption insur-
ance paths in the medium run. However, my main finding is that these dynamics differ
along the wealth distribution. The largest drop occurs for asset-poor households, as
these have to move away from the tighter credit limit and, in addition, accumulate
precautionary savings to stay away from this tighter limit. Overall, they accumulate
assets and forgo consumption. On the other hand, the fixed supply of assets in the
economy implies that richer households actually have more resources at their disposal,

because they sell assets which act as an additional buffer against idiosyncratic shocks. It
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would be interesting to see whether these dynamics implied by the heterogenous-agent
incomplete-markets model are in line with the data. This is left for future research.
The third chapter stays in the modeling framework described above, but builds
on two insights from the quantitative macroeconomics literature as well as the envi-
ronmental economics literature, respectively. First, precautionary saving behavior in-
duced by uninsurable idiosyncratic risk and borrowing constraints lies at the heart of
heterogeneous-agent incomplete-markets models. One outcome of this behavior is the
fact that the consumption function is concave in current income and wealth. Recall that
the precautionary saving motive weakens as income and assets increase, hence, con-
sumption is increasing at a declining rate bringing about concavity. This result, analyt-
ically proven by Carroll and Kimball (1996), is also intuitive, because it means that the
marginal propensity to consume is larger for income-poor (or asset-poor) households,
ceteris paribus. Second, Jacobs and van der Ploeg (2019) relate the optimal level of car-
bon taxes to the shape of Engel curves - the relation between consumption expenditure
and income. In particular, they show that if Engel curves over polluting goods are non-
linear, optimal carbon taxes should take into account distributional concerns. As such,
the third chapter combines both insights, as idiosyncratic risk and precautionary sav-
ings render the consumption function concave, implying concave Engel curves, and
therefore provide a micro-founded rationale for why optimal carbon taxation should
interact with household inequality. Hence, the third chapter asks: How do uninsurable
idiosyncratic risk and precautionary savings affect the level of the optimal carbon tax?
To answer this question,  augment a heterogenous-agent incomplete-markets model
with a climate externality on total factor productivity and dirty energy demand of
households and firms. I use US household data on (energy) consumption, income, and
wealth to calibrate the household side of the model, where households face a subsis-
tence level of dirty goods consumption. I then use my calibrated model as a laboratory
and optimize over the carbon tax in general equilibrium. In particular, a government
chooses the carbon tax and redistributes revenue lump-sum back to households to max-

imize social welfare in the economy. I find that the optimal carbon tax is increasing
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in the level of uninsurable idiosyncratic risk, because the tax and transfer combina-
tion provides redistribution and insurance through higher transfers and by increasing
wages and interest rates due to lower climate damages. This result reverses, however,
when the government has additional instruments at its disposal.

The fourth chapter is an empirical exercise that takes a closer look at Environmental
Engel curves. These curves describe the relation between income and expenditure on
pollution-intensive goods in particular. As the work by Jacobs and van der Ploeg (2019)
and the second chapter show that their shape has implications for how optimal carbon
taxes should be set. Moreover, the shape has implications for how the revenues from
this tax should be redistributed and goes back to differences in marginal propensities
to consume over the income distribution. When poorer agents have higher marginal
propensities to consume pollution intensive goods than income rich ones, then redis-
tribution from income rich to income poor agents increases aggregate pollution, ceteris
paribus. The literature refers to this effect as the equity-pollution dilemma Sager (2019).
Hence, the fourth chapter asks: What is the shape of Environmental Engel Curves?

This question has already received some attention in the literature. Levinson and
O’Brien (2019) study the shape of Environmental Engel Curves (EECs) where con-
sumption is with respect to air pollution and Sager (2019) studies the shape of EECs
where consumption is with respect to CO,. Ilook at EECs with respect to greenhouse
gases (GHG) more generally, but my contribution lies in the type of data that I use for
this analysis. In particular, I combine multiple data sources to construct a novel panel
dataset in which I observe inter alia US households” income, wealth, expenditure and
GHG consumption. I show that making use of the panel dimension of the data, in
particular controlling for time-invariant household specific effects, suggests that EECs
are flatter and more linear, and reduces the estimated income elasticity for all levels of

income compared to cross-sectional estimates.
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Chapter 2

Consumption insurance and credit

shocks!

Abstract

This chapter studies how credit shocks affect the pass-through of idiosyncratic pro-
ductivity shocks to consumption. Using a heterogeneous-agent incomplete-markets
model I simulate two different credit shock dynamics as observed in credit panel data,
a permanent and a mean-reverting one, and measure consumption insurance along the
entire transition path. I show that consumption insurance against idiosyncratic pro-
ductivity shocks drops on impact for both kind of credit shocks, while they imply qual-
itative different consumption insurance paths in the medium run. Importantly, I find
that these paths differ by current wealth holdings. Asset-poor households experience
the largest decrease in consumption insurance, whereas asset-rich households actually
have access to more consumption insurance subsequent to a credit shock. Finally, en-
dogenous labor supply attenuates these dynamics.

Keywords: consumption insurance, credit shocks, incomplete markets

JEL codes: D12, D31, D52, E21, E44

1T am especially thankful to Christian Stoltenberg for his comments, continuous guidance, and pa-
tience during this project. I am very grateful to Andrew Hannon for discussing my work and to Elisa-
beth Proehl and Daniel Schmidt for reviewing earlier drafts in more detail. I would like to thank Jeanne
Commault as well as participants at various conferences for comments I have received both during and
after the presentation. All errors are my own.



10 Consumption insurance and credit shocks

2.1 Introduction

When future earnings are uncertain, households can self-insure by borrowing and lend-
ing to smooth consumption over time. For instance, in response to a negative uninsur-
able earnings shock, a household might borrow funds to keep consumption steady.
Thus, the availability of credit is an important determinant of households” welfare and
consumption smoothing patterns. However, the recent great financial crisis (GFC) in
the United States exhibited a sudden decline in the capacity to borrow. Unsecured bor-
rowing capacity, determined by the aggregate credit card limit-to-GDP ratio, decreased
by around 32% from 25% to 17% and is still - years later - at this lower level. Aggregate
credit card limits in absolute terms, on the other hand, decreased by about 30% dur-
ing the GFC, but made up almost three quarters of the drop by 2020 (see left panel in
Figure 2.1). Moreover, the use of unsecured credit - determined by the credit card debt
in terms of its absolute values and relative to GDP - shows similar dynamics (see right
panel in Figure 2.1).

This chapter takes the stylized facts from Figure 2.1 and answers the following ques-
tion through the lens of a heterogeneous-agent incomplete-markets model: How do
permanent and mean-reverting credit shocks affect households” consumption smooth-
ing patterns? In particular, I am interested in the effects of different credit limit dy-
namics on the amount of consumption insurance with respect to both persistent and
transitory idiosyncratic labor productivity shocks.

My results can be briefly summarized as follows. The model suggests that both type
of credit shocks reduce the economy-wide level of consumption insurance for both type
of idiosyncratic shocks in the short run, while displaying qualitative different paths in
the medium run. Importantly however, the aggregate consumption insurance response
masks considerable heterogeneity along the wealth distribution, as poorer households’
self-insurance worsens and richer households’ self-insurance improves subsequent to a
credit shock. At last, I show that endogenous labor supply attenuates these dynamics.

In particular, the heterogeneous-agent incomplete-markets environment I consider
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Figure 2.1: Credit card limits and balances in the GFC
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is similar to Huggett (1993) and Guerrieri and Lorenzoni (2017). Risk-averse house-
holds produce consumption goods using labor, are heterogeneous in terms of their
labor productivity and seek insurance against both persistent and transitory idiosyn-
cratic shocks to this productivity level. They can only trade one period risk-free bonds
up to an exogenous (ad-hoc) borrowing limit and pay lump-sum taxes to a government
that supplies a fixed amount of risk-free bonds. The credit shock is then modelled by
gradually reducing the borrowing limit. Due to the absence of closed-form solutions
in this particular class of models, solutions are obtained using numerical simulations
with empirical-based parameterization.

In my quantitative exercise, I distinguish between a permanent and a mean-reverting
credit shock that resemble the empirical evidence as in Figure 2.1. First, the permanent
credit shock is modelled to match the drop in credit limit-to-GDP ratio. Second, the
mean-reverting credit shock is modelled to match the drop and mean-reversion of ag-
gregate credit card debt as observed in the data. Having calibrated the transitional
dynamics, I then compute consumption insurance coefficients - in the spirit of Kaplan
and Violante (2010) - for both persistent and transitory idiosyncratic shocks along the

transition path. These coefficients measure to what extent (log) consumption can be
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isolated from the idiosyncratic shocks.

Turning to the results in more detail, I first find that consumption insurance against
persistent idiosyncratic shocks decreases by 1.5% for both credit shocks on impact.
Consumption insurance against transitory idiosyncratic shocks decreases 0.75% on im-
pact for the permanent credit shock and 1.5% for the mean-reverting credit shock.
These dynamics can be explained by the deleveraging behavior of agents subsequent
the credit shocks: households have to decrease their debt levels to move away from the
tighter credit limit. Thereby, they accumulate assets and forgo consumption (see also
Guerrieri and Lorenzoni (2017)).

Second, the main difference between the two credit shock specifications manifests
itself in the medium run, once the the credit limit stays at its lower level - in the perma-
nent case - or starts to mean-revert to its initial level - in the mean-reverting case. On
the one hand, the coefficients in the permanent credit shock specification converge to
the terminal value from below, indicating a smoothing out of the deleveraging phase.
On the other hand, the coefficients in the mean-reverting specification overshoot their
pre-shock value and then converge back to their initial value, as the deleverage phase
reverses and agents start to decumulate assets when the credit limit loosens again.

Third, the self-insurance capacity of households depends critically on the position
in the wealth distribution. The decrease in the insurance coefficient is larger - both
in absolute and relative terms - for agents in the bottom 10% of the wealth distribution
compared to households in the bottom 25%. The former are closer to the credit limit and
hence, the deleveraging impact is stronger. On the other hand, consumption insurance
coefficients for households in the top 10% and 25%, for instance, actually increase. Given
the fixed supply of bonds in the economy, these households decumulate bond holdings
which generates additional resources as a buffer.

Finally, another margin that households can use in the model to isolate consumption
against idiosyncratic shocks is to change their labor supply. To analyze the impact of
this margin, I repeat my quantitative exercise under exogenous labor supply of house-

holds. I find that the qualitative dynamics are unchanged, however, the decrease in
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consumption insurance is stronger. For instance, the consumption insurance against
persistent idiosyncratic shocks decreases by about 5% for both credit shocks. This im-
plies that the possibility to adjust their labor supply is an important mechanism for

households to insure their consumption in response to credit shocks.

Related literature My chapter relates to several works in the literature regarding
credit shocks? and consumption insurance. I bring these two areas together by ex-
plicitly modelling different credit limit dynamics.

The theoretical and numerical part of my chapter is most closely related to the
work of Guerrieri and Lorenzoni (2017) and Kaplan and Violante (2010). Guerrieri and
Lorenzoni (2017) study the effects of a credit crunch on aggregate spending and out-
put. For their analysis, they use a heterogeneous-agent incomplete-markets model in
which agents are subject to idiosyncratic shocks going back to Bewley (1977), Huggett
(1993), and Aiyagari (1994). They document that the credit crunch induces a deleverag-
ing process which depresses interest rates and generates an output drop; moreover, the
precautionary savings motive amplifies this mechanism. I adapt their baseline model
but focus on the effects on consumption insurance in the economy. Thereby, my main
contribution is the explicit distinction between different credit limit dynamics; that is,
between a transitory and a permanent credit shock.>

In a quantitative study Kaplan and Violante (2010) assess how much insurance
agents can obtain with self-insurance in a standard incomplete markets (SIM) life-
cycle model and compare it with empirical estimates by Blundell, Pistaferri and Preston
(2008).* They conclude that consumption insurance implied by canonical consumption-

savings models is too little compared to the data; a conclusion that is shared by other

2 Other exemplary papers than the ones mentioned in the main text studying credit shocks are Ctirdia
and Woodford (2010),Eggertsson and Krugman (2012), and Jones, Midrigan and Philippon (2022)

3 Lopez-Salido, Stein and Zakrajsek (2017) and Nakajima and Rios-Rull (2019) also document and
model mean reversion in credit conditions.

4 Other studies have since modelled additional channels of insurance to overcome the gap between
model and data, such as, advance information (Stoltenberg and Singh, 2020), family labor supply (Blun-
dell, Pistaferri and Saporta-Eksten, 2016), moving back to ones parents (Kaplan, 2012), or social insurance
programs (Hubbard, Skinner and Zeldes, 1995), among others.
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papers in the literature (Krueger and Perri, 2006; Broer, 2013).2 I follow their approach
and simulate an artificial panel in the model to construct consumption insurance coef-
ficients as in Blundell et al. (2008).

The rest of the chapter proceeds as follows. Section 2.2 outlines the model and de-
fines the equilibrium in transition. Section 2.3 presents data, calibration targets and
parameterizations as well as a brief comparison of the initial and terminal steady state.
Section 2.4 contains the main analysis of the transitional dynamics under different

regimes and specifications. Section 2.5 concludes.

2.2 Model

This section describes the benchmark economy in which risk-averse households
face uninsurable idiosyncratic productivity shocks as in Guerrieri and Lorenzoni (2017).
The key is that households can only partially self-insure against these idiosyncratic
shocks using a single one-period asset, for which borrowing is constrained by an ad-
hoc limit, and adjusting hours worked. The next section brings the model to the data

and outlines how to determine the path of the borrowing limit during the transition.

Households Time is discrete. The economy is populated by a continuum of infinitely-
lived households indexed i of measure unity. Households receive a utility flow U from
consuming c¢;; > 0 and leisure, ;. The time endowment of households, which can be
allocated between leisure and labor, 1;;, is normalized to 1. I assume that the utility
function U(cj, nj) is separable and isoelastic in consumption and labor; U : Ry X
Rp1; — R is strictly increasing in consumption, strictly decreasing in labor, strictly

concave and satisfies the Inada conditions. The future is discounted at rate f:

E

i ,Btu(citznit)] , (2.1)
=0

> Wu and Krueger (2021), on the other hand, find that a Bewley model with two-earner households
and endogenous labor supply successfully recovers the degree of consumption insurance as estimated
in the empirical counterpart by Blundell et al. (2016).
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where the expectation is taken over realizations of idiosyncratic labor productivity
shocks. For now, there is no aggregate risk.

Each household i produces the consumption good with the linear technology

Vit = Oynyy (2.2)

by choosing labor supply n;:.° 6, is an idiosyncratic shock to the labor productivity
which follows a first-order Markov chain over a finite state space, {91, cee, (-)M}.
The only asset traded in this economy is a one-period risk-free bond, b. Hence,

household utility maximization is restricted by the following budget constraint:

1
1tr bity1 +cip < by +yir — T,

where b;; denote bond holdings, r; is the interest rate, and 7; is the tax burden at time t.

Borrowing is allowed up to an exogenous limit:

bit11 > —Pri1, (2.3)

with ¢;11 > 0. I will study the effects of an unexpected one-time shock that reduces

this limit.

Recursive formulation of the household problem The following formulation as well
as the definition of equilibrium below refer to the problem during transition since this
constitutes the main exercise of the present chapter. The equivalent descriptions in a
stationary environment are relegated to Section 2.D.

A household is characterized by the by the pair (b;; = b,0;; = 6) — the individual
state. Given a sequence of interest rates {r;}{*,, a sequence of government policies

{n}{2, and a sequence of borrowing limits {¢;}$> ,, each household chooses c;(b,6),

6 Hence, productivity shocks equal wage shocks and I will use the two terms interchangeably.
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bir1(b,0), and n¢(b,0) to solve

Vt(b, 9) = maX U(ct(b, 9), nf(b, 9)) -l-‘B Z Vt+1 (bt+1(b, 9), 6t+1)F9/9t+1

0 +1€0

subject to

1 2.4
1+rtbt+1(b,9)+ct(b,9) §b+yt—Tt 24)

bt+1 2 _¢t—|—1/ Tlt(b, 9) Z 0

Y = Qi’lt(b, 9)

The policy functions ¢;(b,6) and n(b,0) are sufficient to determine the transition of
bond holdings, as future bond holdings, b;,1(b,6), can be derived from the budget
constraint.

Denote by ®; the distribution of agents over states at time t. This distribution is
the aggregate state variable. Note that during the transition period, the value function
and policies are also a function of time, since the interest rate, the tax schedule and the
borrowing limit are time varying: (r¢, 7, ¢¢). Furthermore, the dynamics induced by
the credit shock are deterministic, that is, the entire transition path of the borrowing
limit is known. As a result, given an initial distribution @y, it is known how (¢, 7;) and
@, evolve over time. Therefore, in Equation (2.4) it is not necessary to make prices and

policy functions dependent on the distribution; the time subscript is sufficient.

Government The government budget constraint is

1

B, —
t 1-+7r

Bii1+ 1,

where B; denotes the aggregate supply of government bonds. It is assumed, that the
government chooses the tax schedule, 7;, to keep a balanced budget, while keeping

bond supply constant at B.



2.2 Model 17

Equilibrium Before defining the equilibrium, it is necessary to define an appropriate
measurable space on which the distribution of agents ®; is defined. Let A = [b, b] be
the set of possible values for b;; with some lower bound b and some upper bound b; it
holds that b < —¢; Vt. Define the state space S = A x © and let the c-algebra X5 be
defined as By ® P(®), where B, is the Borel c-algebra on A and P(®) is the power set
of ©. Finally, let S = (A x ©) denote a typical subset of X;.

The equilibrium in transition is summarized in the following definition.

Definition 1. Given an initial distribution ®(, and a sequence of borrowing limits
{¢1}:2, a recursive competitive equilibrium is a sequence of value functions {V;}{2,,
policy functions for households {c;(b, 0),n:(b,0) }3° ,, future bond holdings {b;11(b, 0) }72,,
interest rates {r; }3° ), government policies {7; }{° ,, and distributions {®; }{° ;, such that,

for all t:

i) Givenr; and %, the policy functions c¢(b, ) and n;(b, 0) solve the household’s prob-

lem (2.4) and V;(b, 0) is the associated value function
ii) The government budget constraint is satisfied

TtB

o= 1+1’t

iii) The asset market clears

b b,0)dd; = B
/(Ax@) t+1(b, 8)dD;

iv) Forall § € X, the joint distribution measure ®;; satisfies

Dy1(S) = /(m) Qi((b,6), S)d,,

where Q; is the transition function defined as

Qi((6,0),8) =1, ,wpyear Y Tog.i-

6:+1€0
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The goods-market clearing condition is redundant by Walras law and thus omitted.

The optimization problem of the household gives rise to two optimality conditions
that are used to construct the sequences of policy functions c(b,0) and n¢(b,6). In
the following I skip the formulation of individual state variables for readability. First,
an Euler equation governing optimal intertemporal substitution between consumption

today and tomorrow

B(1+r¢)E [Uc(crr1, np1)] < Ue(cr, ny); (2.5)

Equation (2.5) holds with equality if Equation (2.3) is not binding.
Second, an optimality condition for intratemporal substitution between labor and
consumption

Uy (ct,n) < —0Uc(ct, nt); (2.6)

Equation (2.6) holds with equality if n; > 0.

2.3 Quantitative exercise

2.3.1 Data and calibration

In the following I will first describe the main datasets used in calibration. Thereafter,
I'will speak about steady-state calibration, briefly introduce the consumption insurance
measure, and finally, how to calibrate the transitional dynamics of the borrowing limit.
Eventually, the calibrated model can inform us about the size and shape of consump-

tion insurance in the economy as the borrowing limit changes.

Data

Productivity data Icompute a productivity measure using data from the Panel Study
of Income Dynamics (PSID). The PSID is a longitudinal survey of a representative sam-

ple of U.S. individuals and other members of their households. The survey is bien-
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nial since 1997 and features low attrition as well as high response rates (Andreski, Li,
Samancioglu and Schoeni, 2014). I follow Flodén and Lindé (2001) and define produc-
tivity as an "agent’s hourly wage rate relative to all other agents" (p.416). In my case,
agent refers to either "head", wife/"wife", or both as indicated in the PSID. An agent’s
hourly wage is defined as total yearly labor income divided by annual hours worked.
Moreover, to be in line with the model I use post-tax wage rates as there are no distor-
tionary taxes present that would affect the labor supply decision of agents. I combine
post-tax wage rates within a household to compute productivity levels per household.

A more detailed description of the data and the variables can be found in Section 2.A.

Credit data I employ two different credit data sources. Firstly, the credit limit data
is from the 2020 Q2 Household Debt and Credit Report (HDCR) via the FRBNY Con-
sumer Credit Panel (CCP).” The CCP is a longitudinal database which comprises infor-
mation on consumer debt and credit via Equifax credit reports. The sampling proce-
dure makes use of the randomness in the last 4 digits of the social security numbers to
create a nationally representative random sample of individuals who have a credit re-
port. The information from credit reports on individual accounts is then further limited
to accounts that have been updated within the last three months.

In particular, the credit limit in the HDCR refers to the limit on bankcard accounts
(or credit card accounts) which are revolving accounts for banks, bankcard companies,
national credit card companies, credit unions and savings & loan associations (Lee and
van der Klaauw, 2010). Credit limits via home equity revolving accounts are considered
separately and are not captured here.

The second data source is the consumer credit time series from the Federal Reserve
Board Flow of Funds (FoF). Particularly, I am interested in the evolution of credit card
debt as a fraction of GDP. Note that this is the same dataset which is used to calibrate

the net supply of bonds, B; that is, the datapoints in 2006 are used as a benchmark to

7 The microdata can only be accessed by researchers of the Federal Reserve System, hence, I rely on
aggregate data which is published with recent reports; in my case this report is the HCDR. See questions
on Data Requests here


https://www.newyorkfed.org/medialibrary/media/research/staff_reports/sr479_faq.pdf
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calibrate the initial steady state, whereas I make use of the whole time series of con-
sumer credit to calibrate my transitional dynamics.

Lastly, note that even though I use two different data sets in my calibration exer-
cise below, consumer credit is one of the components in the FoF which can be directly
compared to debt measures in the HDCR (CCP). The report states that the numbers
obtained in the third quarter of 2009 for consumer credit from both datasets are very

similar in magnitude. ($2.6 trillion in the CCP vs $2.5 trillion in the FoF; see HCDR).®

Steady-state calibration

The calibration strategy for the initial steady state aims to capture economic condi-
tions, especially at the household level, prior to the GFC in 2006 and before. Table 2.1

summarizes the calibration.

Model functional forms and parameters
Preferences 1assume preferences are additively separable and isoelastic in consump-

tion and labor: -
Loy St (1—ni)' 7
U(Cltl nlt) - 1 _ ,)/ + l/J 1 B 7’]

7

where I already normalized time endowment for leisure and labor to 1,/ +n = 1. The
time period is a quarter.

The discount factor f is set to match an annual interest rate of 2.5% in the initial
steady state. The elasticity of intertemporal substitution (EIS), %, is set to a quarter.
The parameters governing the curvature of utility from leisure and the utility weight
of leisure, 77 and ¢, are set to match an average Frisch elasticity of 1 and average hours

worked of 0.4, respectively.’” The latter is supported by evidence from Nekarda and

8 A small part of the remaining difference, for instance, can be explained by debt holdings from indi-
viduals without a social security number; these individuals are captured only in the FoF.

9 A Frisch elasticity is motivated by the effect that the unit of observation is the household. Hence, the
labor supply decision implicitly takes into account higher labor supply elasticities of females as well as
labor supply decisions on the extensive margin. See also Conesa, Kitao and Krueger (2009) for an alike
motivation.
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Ramey (2010)1°.
Labor productivity process An agent’s stochastic labor productivity depends on two

components and is given by

log 0y = kit + €i¢ (2.7)

Kit = PgKit—1 + Git (2.8)

The first component, x, is an AR(1) process with persistence p; and innovation variance
Ut?,g. The second component, ¢, is a transitory i.i.d. shock variance 0'5/6. Both innova-
tions are assumed to be normal with zero mean. Theoretical variance and covariance
moments of the stochastic wage process in Equation (2.7) are matched to empirical
moments constructed using data from the 2002-2006 PSID waves. A detailed descrip-
tion of the estimation procedure with annual data and subsequent conversion to the
quarterly frequency can be found in Section 2.A. The continuous wage process is then
transformed onto a discretized grid using Rouwenhorst (1995)’s method. The mean of
8 under the stationary distribution is normalized to 1.

Asset supply Parameters regarding the asset supply are jointly matched to recon-
struct pre-crisis characteristics of households’ balance sheets. Using data from the 2006
Federal Reserve Flow of Funds, I target a liquid asset to GDP ratio of 1.78. Particularly,
liquid asset include Deposits, Treasury Securities, Agency- and GSE- backed securi-
ties, Municipal Securities, Corporate Foreign Bonds, Mutual Fund Shares, and Security
Credit!'!. The net supply of Bonds, B, is defined to be equal to liquid assets ratio minus
credit card debt holdings of households, all expressed in terms of annual output. Thus,
given a credit card debt-to-GDP ratio, B is then adjusted to match the liquid asset to
GDP ratio. The borrowing capacities in the model, hence, mirror unsecured revolving
credit. In addition, ¢ is used to match the credit card debt-to-GDP ratio prior to the
GFC.

10 This reference refers to an older version of their working paper, meanwhile titled "The Cyclical Be-
havior of the Price-Cost Markup". For the evidence considered here, see Figure 10 in the 2010 version
11 Data is taken from Table B.100 which can be found here


https://www.federalreserve.gov/releases/z1/20110310/z1.pdf
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Table 2.1: Calibrated parameters in the steady state
Parameter Value Target / Source
Discount factor B 0.980 Annual
interest rate
of 2.5%
Curvature of utility from leisure n 1.50 Avg. frisch
elasitcity = 1
Coefficient on leisure in utility 1% 22.36 Avg. hours of
endowment
worked = 0.4
Elast. of intertemp. substitution 1/ 0.25 Guerrieri and
Lorenzoni
(2017)
Persistence productivity process 0q 0.976 PSID
Var. of innovation to persistent shock e 0.012 PSID
Var. of transitory productivity shocks (75,6 0.049 PSID
Net bond supply (to annual GDP) B/Ya 1.6 Flow of
Funds liquid
assets
Borrowing limit (to annual GDP) ¢/Ya 0.372 Credit card
debt-to-GDP

Note. This table summarizes the calibrated and baseline parameters of the benchmark model. Variables
and parameters in bold indicate that these have been calibrated to match simulated moments. See main

text for details.
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2.3.2 Consumption insurance measure

To evaluate the extent of risk-sharing and consumption insurance I compute insur-
ance coefficients as introduced by Blundell et al. (2008) and further examined by Kaplan
and Violante (2010). To set the scene, let us quickly revise the notion of insurance in this
framework. The insurance coefficient for a shock x;; to logged income or productivity

is defined as

_ cov(Aci, xi)

X __
P e

where Ac;j; denotes the first difference in logged consumption, and the second moments
are taken over the entire cross-section of households. The intuition is best captured by
Kaplan and Violante (2010): the insurance coefficient is "the share of the variance of the
x shock that does not translate into consumption growth" (p.57).

To compute this measure from the model perspective is straightforward, for the
shock realizations are observed when simulating an artificial panel. The insurance co-

efficients from the model then read

_cov(Acit, Git)
var(Git)

cov(Aci, €;t)

¢ =
=1 var(€;r)

and ¢°=1- (2.9)

¢ is computed from simulated data using the quasi-difference operator A, with Ax; =
Kt — 0gKi—1-

Table 2.2 shows the consumption insurance coefficients from the model in both the
initial and terminal steady state as well as under endogenous and exogenous labor sup-
ply of agents. The terminal steady state corresponds to an economy with a tighter credit
limit, as is explained in more detail below. We see that the terminal steady state fea-
tures lower insurance coefficients in all four cases. The changes, albeit small in relative
magnitude, are bigger for i) the persistence productivity shock and ii) under exogenous
labor supply. Moreover, comparing exogenous and endogenous labor supply in both

steady states reveals that the labor supply decision has a stronger effect on insuring
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persistent productivity shocks. These observations connect to the existing literature to
the effect that first, persistent shocks are harder to insure (Blundell et al., 2008; Kaplan
and Violante, 2010) and second, labor supply is used as an consumption smoothing

device (Low, 2005; Pijoan-Mas, 2006; Wu and Krueger, 2021).

Table 2.2: Consumption insurance coefficients in the steady states of the model

Endogenous labor supply Exogenous labor supply

¢¢ 9° ¢¢ ¢°
Initial steady state 0.6987 0.9620 0.4423 0.9554
Terminal steady state 0.6962 0.9609 0.4381 0.9531

Note. This table shows the steady state consumption insurance coefficients for the persistent produc-
tivity shock, ¢¢, and the transitory productivity shock, ¢¢, as defined in Equation (2.9). The left two
columns depict the benchmark case where agents choose their labor supply endogenously. In the right
two columns, the labor supply is exogenous and set to 1. The terminal steady state refers to the economy
with a reduced credit limit.

2.3.3 Credit shocks

The main quantitative exercise of this chapter moves beyond steady state outcomes
and studies the short-term/transitional effects of limited credit availability on con-
sumption smoothing behavior of households. The dynamics of the credit limit should
reflect the two different kind of credit dynamics in Figure 2.1. Hence, I employ two cal-
ibrations of credit shocks that reflect these dynamics: i) a Mean-reverting credit shock
and ii) a permanent credit shock.

In both calibrations, the shock to the credit limit is not expected by the agents and
hits the economy in the initial steady state ("MIT shock"). To abstract from households
defaulting on their one-period bonds, I follow Guerrieri and Lorenzoni (2017) and as-
sume that the credit shock lasts for six periods and follows a linear path.!? In this way,

households are able to incrementally adjust their portfolios without paying back unre-

12 Note, however, that default or delayed payment can be a channel of insurance by itself. Gelman,
Kariv, Shapiro, Silverman and Tadelis (2020) provide evidence that during the 2013 US government shut-
down, many affected employees delayed recurring payments, for instance, for credit cards to smooth
consumption. In a quantitative paper, Hannon (2022) shows how the option to enter mortgage delin-
quency can cushion the consumption drop after a housing crisis.
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alistically large amounts of debt within a single period. The complete path of the credit
limit towards the terminal steady state is deterministic and fully known to households.

In the following, I will explain how I construct the path of this credit limit in both
calibrations in the model and which data targets I match. Table 2.3 summarizes the

calibrated parameters and targeted moments during transition.

i) Mean-reverting credit shock The mean-reverting credit shock captures the transi-
tory notion of the aggregate credit card statistics as observed in Figure 2.1. Both ag-
gregate credit card debt and credit card limits drop during the GFC and then revert.
Hence, in this calibration, I match the initial drop in the credit card debt-to-GDP ra-
tio as well as the mean-reversion back to its pre-GFC level. The top panel of Table 2.3
shows the corresponding parameter values and targets for this calibration.
In particular, the shock in the first 6 periods follows the linear specification
- (1—x)¢
Pr11 :cp—%-t fort <6,
where ) governs the size of the shock. Subsequent the shock I specify the evolution of

the credit limit as

Pri1 =09+ (1—0)pr fort>6,

where ¢ governs the speed of mean-reversion of the borrowing limit and ¢ denotes the
long-run average. The parameters ¢ and x are then jointly determined in order to match
the two empirical targets.

The first empirical target is the drop in the credit card debt-to-GDP ratio. I target a
credit-card debt-to-GDP ratio of 3.8%, the lowest point of this time series after 2006, the
year that represented my initial steady state.

The second empirical target concerns the speed of the mean-reversion of aggregate
credit card balances. Since I look at transitional dynamics starting from a stationary

recursive equilibrium, I extract the stationary component in the time series and then
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target the autocorrelation in this component. In particular, I decompose the (inflation-
adjusted) credit card balances into a trend and cyclical component using the Hodrick-
Prescott filter. Thereafter, I estimate the autocorrelation of the cyclical component using
a simple AR(1). The mean-reverting path of the credit limit in the model after the shock
will be specified in such a way, that the autocorrelation of the model-implied aggregate
debt balance along the transition will match precisely this AR(1) estimate from the data.

Section 2.B describes the filter in more detail and provides the AR(1) estimates.

ii) Permanent credit shock The permanent credit shock, on the other hand, captures
the downward shift in credit card variables once they are scaled with GDP as observed
in Figure 2.1. This exercise is similar to the one conducted in the benchmark case of
Guerrieri and Lorenzoni (2017), as the shock boils down to a permanent drop in the
credit limit.!® The difference, however, is the fact that I can observe this limit from the
data.

In this calibration, I match the percentage change in the credit limit-to-GDP ratio.
I choose a borrowing limit in the terminal steady state, ¢!"""%  which implies a drop
of 30 percent, from 25% to 17.5%, as observed in Figure 2.1. The path of the credit
limit is then as follows: In the first six periods, the borrowing limit decreases linearly
to ¢p'e"™minal and stays there permanently. The bottom panel of Table 2.3 summarizes the
corresponding parameter value and target for this calibration. Moreover, the red line

in the left panel of Figure 2.2 shows the path of the borrowing limit (scaled by GDP).

Credit card debt and limit dynamics Overall, the mean-reversion parameter is simi-
lar in size to the matched autocorrelation of the credit debt-to-GDP ratio. The intuition
for this results resembles the precautionary behavior subsequent credit shocks as doc-
umented, for instance, by Guerrieri and Lorenzoni (2017). When the shock hits the
economy in the initial steady state, agents accumulate wealth to stay away from the

borrowing limit. As the path for the credit limit is fully known to them, they can align

13 Guerrieri and Lorenzoni (2017) also simulate a transitory credit shock in an economy with durable
goods and a credit spread. This shock is modelled as a transitory increase in the credit spread, which
affects agents over the whole wealth distribution and not mainly the ones near the credit limit.
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Table 2.3: Calibrated parameters and moments to match moments along the transition

i) Mean-reverting credit shock

Parameter Value Target
Credit-shock size 1 — 0.372 Credit card debt-to-GDP low of 3.8%
X
Mean-reversion 1—p¢ 0.826 Autocorrelation in credit card debt of 0.841

ii) Permanent credit shock

Parameter Value Target

Borrowing limit

(to annual GDP) pterminal yyterminaly 841 30% drop in the credit limit-to-GDP ratio

Note. This table summarizes the calibrated parameters to match the transition of the credit shocks in the
model to empirical moments. See main text for details.

deleveraging and leveraging phases with the dynamics of the limit. This perfect fore-
sight behavior can also be seen from Figure 2.2 which shows the dynamics of the credit
limit-to-GDP and the credit card debt-to-GDP ratios, respectively, under the different
shock specifications. Even though the size of the transitory shock is larger than the per-
manent shock, in the former case the credit debt-to-GDP ratio is smaller after 6 periods
as agents realize that the credit limit will be loosened from then on. In the latter case,
however, agents keep deleveraging to stay away from the credit limit (Guerrieri and

Lorenzoni, 2017).
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Figure 2.2: Permanent and mean-reverting credit shocks
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Note. The left panel of this figure shows the path of the credit limit under the transitory and permanent
credit shock, respectively. The right panel shows the model implied credit debt-to-GDP ratio under both
shock scenarios. Both panels show the first 35 periods of the transition.

2.4 Quantitative results

With a calibrated model in hand it is now possible to answer the main question of
the chapter: How do permanent and transitory credit shocks affect households” con-
sumption smoothing patterns? To do so, I implement the transition as outlined above
and simulate an artificial panel of households starting from the steady state over the en-
tire transition. With their observed consumption choices and simulated shocks I com-

pute the consumption insurance coefficients as in Equation (2.9).14
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Figure 2.3: Insurance coefficients over time
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Note. The values depict percentage deviations of the initial steady state and are filtered using a 1-D
gaussian filter with standard deviation (smoothing parameter) of 1.5.

2.4.1 Transitional dynamics

Figure 2.3 shows the transition dynamics of the insurance coefficients for both type
of credit shocks and productivity shocks, respectively. The left panel shows the dynam-
ics after the permanent credit shock. We see that the consumption insurance coefficient
drops moderately on impact for both productivity shocks. Consumption insurance for
the persistent shock falls by 1.5% and 0.75% for the transitory shock. Moreover, the
persistent coefficient immediately increases again after the initial shock, whereas the
transitory coefficient drops further to a 1% reduction in period six, when the credit
limit reached its trough, and only increases thereafter.

The right panel shows the dynamics after the mean-reverting credit shock. The

dynamics in the first six periods are similar to the permanent shock. The persistent

14 When simulating I take into account two issues. First, the households in the artificial panel only
"enter" the transition once the simulation has converged and I draw from the stationary distribution
in the initial steady state. Second, I always choose the same sequence of shocks in all my numerical
exercises using a fixed seed for the random number generator.
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coefficient also drops to about 1.5% on impact and increases immediately thereafter.
The transitory coefficient drops to 1.5% and also decreases further within the next 5
periods until 1.8%. Note, however, that one should keep in mind that the drop in the
credit limit is larger for the mean-reverting shock (Figure 2.2).

The main difference between the two credit shock specifications manifests itself in
the medium run; that is, period 7 to 25. While the coefficients in the permanent credit
shock specification converge to the terminal steady state from below, the coefficients
in the mean-reverting specification overshoot their pre-shock value and then converge
back to the initial steady state (i.e. in this exercise also the terminal one) from above.
What is the reason for this? The key to this observation is the asset accumulation and
decumulation behavior of agents subsequent the shocks. Under the permanent credit
shock, households with debt have to start deleverage their portfolios, thereby reducing
their nondurable consumption irrespective of their idiosyncratic shocks. With the credit
limit at its new and tighter level, household slowly increase their precautionary savings
(i.e. accumulate assets), and accept lower consumption insurance in the long run.

Under the mean-reverting credit shock, households realize that the economy will
return to the initial steady state. Hence, after six periods when the shock dissipates
and the credit limit moves back to its initial level, agents start decumulating assets and
increase consumption (insurance). Given that the supply of assets is fixed, the interest
rate, and thus the (precautionary) savings behavior of households, is a mirror image of
the consumption insurance coefficients - decreasing under high accumulation of assets
and vice versa. The dynamics of the interest rate and other aggregates can be seen in

Section 2.C.

2.4.2 Exploring the mechanism

In what follows I will further explore two determinants of consumption smoothing
behavior. First, the position in the wealth distribution and second, the possibility to

adjust labor supply.
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Figure 2.4: Insurance coefficients of persistent idiosyncratic shocks over time by wealth groups
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Note. This figure depicts the consumption insurance coefficients for the persistent idiosyncratic shock for
different wealth groups. The wealth groups are determined from the initial steady state distribution.

Heterogenous dynamics along the wealth distribution The aggregate responses of
the consumption insurance coefficients masks heterogeneous responses along the wealth
distribution. Figure 2.4 illustrates this for the persistent productivity shock under a per-
manent credit limit reduction. The left panel shows the dynamics of the consumption
insurance coefficients - in absolute terms - for the bottom 10% and 25% of the initial
steady state wealth distribution. The decrease in the insurance coefficient is larger in
both absolute and relative terms for the bottom 10%.

The right panel shows the dynamics of the consumption insurance coefficients for
the top 10% and 25%. We see that the coefficients increase; again, to a larger extent
for the top 10%. Why is this the case? Recall that the total amount of bonds available
in the economy is unchanged during transition. Hence, the deleveraging episode of
net borrowers induces net lenders at the top of the wealth distribution to sell some of

their bond holdings. The additional resources facilitate consumption insurance and the

value increases.
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Figure 2.5: Insurance coefficients over time with inelastic labor supply
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Note. The values depict percentage deviations of the initial steady state under fixed labor supply and are
filtered using a 1-D gaussian filter with standard deviation (smoothing parameter) of 1.5.

Comparing the bottom and top 10% (or 25%), however, the response of the former
dominates in magnitude, giving rise to a reduction of consumption insurance in the
aggregate. This is a common finding in the literature, that agents close to constraints
(or close to kinks in their budget constraints) drive aggregate behavior after shocks

(Kaplan and Violante (2014); Guerrieri and Lorenzoni (2017)).

The quantitative relevance of endogenous labor supply In the benchmark economy
households can also choose to adjust their labor supply in response to idiosyncratic
shocks. How much does this margin contribute to the dynamics in the consumption
insurance coefficients? To answer this question, I set the labor supply exogenously
to 1 when conducting my quantitative experiment and recalibrate parameters to the
same moments as in the benchmark case; both in the initial steady state and over the

transition.!®

15 While it is possible to match the empirical moments in the initial steady state and the permanent
credit shock precisely, the model has difficulties to match the autocorrelation in the mean-reverting case.
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Figure 2.5 shows the dynamics subsequent the credit shock when the labor supply of
households is fixed. We see that removing the intensive margin of the labor supply de-
cision "scales" the impact on the insurance coefficients. That is, the dynamics are qual-
itatively similar to the benchmark case but lower in magnitude. For instance, under
the permanent credit shock, the consumption insurance with respect to persistent pro-
ductivity shocks drops by 5% - 3.5 percentage points more than under the benchmark.
Under the mean-reverting credit shock, the initial drop and the following overshoot-
ing of the persistent insurance coefficient are - in absolute terms - 4 and 1.5 percentage
points higher, respectively.

Hence, these observations suggest that the possibility to adjust their labor supply is
an important channel for households to insure their consumption in response to credit
shocks. Note, however, that this is particularly relevant for households close to the
borrowing limit. As Guerrieri and Lorenzoni (2017) note, the labor supply response
is heterogeneous. Households close to the borrowing limit increase their labor supply,
while households further away from it decrease it. Since wealth levels are correlated

with productivity, overall labor supply increases whereas output decreases.

2.5 Conclusion

In this chapter, I have studied the evolution of consumption insurance patterns in
the economy after unexpected credit shocks. I focused on two different shock speci-
fications as observed in the data: a mean-reverting credit shock following aggregate
credit debt levels, and a permanent credit shock following credit debt-to-GDP ratios in
the data. I have shown that the evolution of consumption insurance after both kind
of shocks is similar in the short run, but differs in the medium run, as accumula-
tion/decumulation episodes of assets differ. Moreover, I have shown that the quan-
titative effects are attenuated by endogenous labor supply, as households make use of
the intensive margin to smooth consumption. Lastly, I have shown that the dynamics

differ considerably by present wealth holdings, as households at the lower end of the
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wealth distribution experiencing the brunt of the drop and households at the upper
end actually increase their consumption insurance in response to credit shocks.

I want to mention at least two potential areas for future research related to this topic.
First, this chapter remains largely silent regarding other channels for insurance that are
present in the data. While the sample selection for the empirical exercise tried to ac-
count for this, especially public insurance via taxes and transfers were still implicit in
the model. A model that explicitly models the tax structure in the United States as,
for instance, Heathcote, Storesletten and Violante (2017), would allow for a normative
analysis whether a more progressive taxation would have been welfare improving; es-
pecially for agents at the lower end of the wealth distribution.

Second, my calibration only considers unsecured credit card debt. A richer model
with secured debt, such as mortgages, could investigate the implication of decreas-
ing collateral value for consumption insurance. For instance, modelling secured credit
based on a second illiquid asset (housing) as in Kaplan and Violante (2014) or Kaplan,
Mitman and Violante (2020) would endogenously give rise to a larger share of hand-
to-mouth consumers consistent with the data (Kaplan, Violante and Weidner, 2014),
potentially amplifying the aggregate responses. Moreover, in this model one would

have to distinguish further between the type of credit that is affected by the shock.

2.6 References

Aiyagari, S. Rao. 1994. “Uninsured Idiosyncratic Risk and Aggregate Saving.” Quar-
terly Journal of Economics, 109(3): 659-684.

Altonji, Joseph G., and Lewis M. Segal. 1996. “Small-Sample Bias in GMM Estimation
of Covariance Structures.” Journal of Business & Economic Statistics, 14(3): 353-366.

Andreski, Patricia, Geng Li, Mehmet Zahid Samancioglu, and Robert Schoeni. 2014.
“Estimates of Annual Consumption Expenditures and Its Major Components in the
PSID in Comparison to the CE.” American Economic Review, 104(5): 132-135.

Auclert, Adrien, and Matthew Rognlie. 2020. “Inequality and Aggregate Demand.”
82.



2.6 References 35

Bewley, Truman F. 1977. “The Permanent Income Hypothesis: A Theoretical Formula-
tion.” Journal of Economic Theory, 16(2): 252-292.

Blundell, Richard, Luigi Pistaferri, and Ian Preston. 2008. “Consumption Inequality
and Partial Insurance.” American Economic Review, 98(5): 1887-1921.

Blundell, Richard, Luigi Pistaferri, and Itay Saporta-Eksten. 2016. “Consumption In-
equality and Family Labor Supply.” American Economic Review, 106(2): 387—435.

Broer, Tobias. 2013. “The Wrong Shape of Insurance? What Cross-Sectional Distribu-
tions Tell Us about Models of Consumption Smoothing.” American Economic Journal:
Macroeconomics, 5(4): 107-140.

Carroll, Christopher D. 2006. “The method of endogenous gridpoints for solving dy-
namic stochastic optimization problems.” Economics Letters, 91(3): 312-320.

Conesa, Juan Carlos, Sagiri Kitao, and Dirk Krueger. 2009. “Taxing Capital? Not a
Bad Idea After All"” American Economic Review, 99(1): 25—48.

Curdia, Vasco, and Michael Woodford. 2010. “Credit Spreads and Monetary Policy.”
Journal of Money, Credit and Banking, 42(s1): 3-35.

Eggertsson, Gauti B., and Paul Krugman. 2012. “Debt, Deleveraging, and the Liquidity
Trap: A Fisher-Minsky-Koo Approach*.” Quarterly Journal of Economics, 127(3): 1469—
1513.

Flodén, Martin, and Jesper Lindé. 2001. “Idiosyncratic Risk in the United States and
Sweden: Is There a Role for Government Insurance?” Review of Economic Dynamics,
4(2): 406-437.

French, Eric. 2004. “The Labor Supply Response to (Mismeasured but) Predictable
Wage Changes.” The Review of Economics and Statistics, 86(2): 602—-613.

Gelman, Michael, Shachar Kariv, Matthew D. Shapiro, Dan Silverman, and Steven
Tadelis. 2020. “How individuals respond to a liquidity shock: Evidence from the
2013 government shutdown.” Journal of Public Economics, 189: 103917.

Guerrieri, Veronica, and Guido Lorenzoni. 2017. “Credit Crises, Precautionary Sav-
ings, and the Liquidity Trap.” Quarterly Journal of Economics, 132(3): 1427-1467.

Hannon, Andrew. 2022. “Falling Behind: Delinquency and Foreclosure in a Housing
Crisis.” Manuscript.

Heathcote, Jonathan, Kjetil Storesletten, and Giovanni L. Violante. 2010. “The
Macroeconomic Implications of Rising Wage Inequality in the United States.” Jour-
nal of Political Economy, 118(4): 681-722.



36 Consumption insurance and credit shocks

Heathcote, Jonathan, Kjetil Storesletten, and Giovanni L. Violante. 2017. “Optimal
Tax Progressivity: An Analytical Framework.” The Quarterly Journal of Economics,
132(4): 1693-1754.

Hodrick, Robert J., and Edward C. Prescott. 1997. “Postwar U.S. Business Cycles: An
Empirical Investigation.” Journal of Money, Credit and Banking, 29(1): 1-16.

Hubbard, R. Glenn, Jonathan Skinner, and Stephen P. Zeldes. 1995. “Precautionary
Saving and Social Insurance.” Journal of Political Economy, 103(2): 360-399.

Huggett, Mark. 1993. “The risk-free rate in heterogeneous-agent incomplete-insurance
economies.” Journal of Economic Dynamics and Control, 17(5-6): 953-9609.

Jones, Callum, Virgiliu Midrigan, and Thomas Philippon. 2022. “Household Lever-
age and the Recession.” Econometrica, 90(5): 2471-2505.

Kaplan, Greg. 2012. “Moving Back Home: Insurance against Labor Market Risk.” Jour-
nal of Political Economy, 120(3): 446-512.

Kaplan, Greg, and Giovanni L Violante. 2010. “How Much Consumption Insurance
Beyond Self-Insurance?” American Economic Journal: Macroeconomics, 2(4): 53-87.

Kaplan, Greg, and Giovanni L. Violante. 2014. “A Model of the Consumption Re-
sponse to Fiscal Stimulus Payments.” Econometrica, 82(4): 1199-1239.

Kaplan, Greg, Giovanni L. Violante, and Justin Weidner. 2014. “The Wealthy Hand-
to-Mouth.” Brookings Papers on Economic Activity, , (Spring): 77-138.

Kaplan, Greg, Kurt Mitman, and Giovanni L. Violante. 2020. “The Housing Boom
and Bust: Model Meets Evidence.” Journal of Political Economy, 128(9): 3285-3345.

Krueger, Dirk, and Fabrizio Perri. 2006. “Does Income Inequality Lead to Consump-
tion Inequality? Evidence and Theory.” Review of Economic Studies, 73(1): 163-169.

Lee, Donghoon, and Wilbert van der Klaauw. 2010. “An Introduction to the FRBNY
Consumer Credit Panel.” Federal Reserve Bank of New York Staff Reports, 479.

Low, Hamish W. 2005. “Self-insurance in a life-cycle model of labour supply and sav-
ings.” Review of Economic Dynamics, 8(4): 945-975.

Lépez-Salido, David, Jeremy C. Stein, and Egon Zakrajsek. 2017. “Credit-Market Sen-
timent and the Business Cycle.” The Quarterly Journal of Economics, 132(3): 1373-1426.

Nakajima, Makoto, and Jose-Victor Rios-Rull. 2019. “Credit, Bankruptcy, and Aggre-
gate Fluctuations.” 61.

Nekarda, Christopher J, and Valerie A. Ramey. 2010. “The Cyclical Behavior of the
Price-Cost Markup.” Mimeo.



2.6 References 37

Pijoan-Mas, Josep. 2006. “Precautionary savings or working longer hours?” Review of
Economic Dynamics, 9(2): 326-352.

Rouwenhorst, Geert K., ed. 1995. Asset Pricing Implications of Equilibrium Business Cycle
Models. Frontiers of Business Cycle Research. Thomas F. Cooley, ed. Princeton ed., New
Jersey: Princeton University Press.

Stoltenberg, Christian A, and Swapnil Singh. 2020. “Consumption insurance with
advance information.” Quantitative Economics, 11(2): 671-711.

Straub, Ludwig. 2019. “Consumption, Savings, and the Distribution of Permanent In-
come.” Manuscript, 85.

Wu, Chunzan, and Dirk Krueger. 2021. “Consumption Insurance against Wage Risk:
Family Labor Supply and Optimal Progressive Income Taxation.” American Economic
Journal: Macroeconomics, 13(1): 79-113.



38 Consumption insurance and credit shocks

Appendix

2.A Estimation of the productivity process

The full process to be estimated separately for head and spouse is

log Wit = Y + Kyt + €mt + Vi,
(2.A.10)

Kmt = OKmt—1 + gm,t;

where wy,; denotes the hourly wage of family member m € {head,spouse} at year t
relative to the average hourly wage of all individuals at year t. This observed relative
wage rate is the sum of an individual permanent component ¥, a persistent com-
ponent x, which is an AR(1) process with persistence p and innovation variance ng,
a temporary component € with variance 32, and potential measurement error ¢ with
variance 65.16 To estimate the counterparts for the entire household, and to capture
the productivity risk of a single consumption unit, I assume that both head and spouse
have the same p and that their idiosyncratic shocks are independent. I denote these
variables without a tilde. Moreover, since the measurement error cannot be separately
identified from the transitory shock, I follow the literature and impose an external esti-
mate for 02 (Heathcote, Storesletten and Violante (2010); Straub (2019)). In particular, I
set 02 = 0.02 as estimated by French (2004).

I now describe the strategy to estimate the relevant parameters (p, O'g, 0?) from fam-

ily wage residuals. The exposition largely follows Flodén and Lindé (2001) from whom

I take the measure for productivity.

Data [ use the Panel Study of Income Dynamics (PSID) data from 2003 to 2007 to es-
timate the parameters of interest. I choose this time horizon to be consistent with my
overall calibration strategy to target the pre-crisis conditions. The PSID is a longitudi-

nal survey of a representative sample of U.S. individuals and other members of their

16 Variables with a tilde denote family member variables.
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households. Since the PSID changed to a biennial frequency in 1997, I am effectively
using the three survey waves from 2003, 2005, and 2006. In general, the questions on la-
bor income and hours are retrospective. That is, survey questions from 2005 refer to the
year 2004 etc. In addition to these standard questions, however, respondents are also
asked to provide information about income and labor supply two years before. Col-
lecting this information makes it possible to construct an annual panel of labor income
and hours worked.

Until 2015, the PSID referred to the husband in a married couple as the Head of the
household, irrespective of employment status and labor income. To capture the full
labor productivity of a household, I include both Head and Wife/"Wife"!” (if present)
when estimating the stochastic process. This is a better measure to use as it better
describes the increase in resources a household has if either of its members increases

their labor supply.

Sample selection I only look at households whose head or spouse follow the follow-
ing criteria. The individual (i) is from the main Survey Research Center (SRC) sample,
(ii) is between 25 and 59 years old, (iii) provides information on years of education (iv)
has positive working hours with a maximum of 5840 (maximum possible value in the
survey), (v) has an hourly wage rate more than half the minimum wage (in 2002 dol-
lars), (vi) does not have unreasonable income swings between two years, and (vii) is
observed in every year. Note that my sample selection applies these criteria individu-
ally to both head and spouse within a family. That is, if some of these criteria do not
apply for the head, but do apply for the spouse, the latter is excluded in the sample,
while the former is included. Starting from the individual heads and spouses in the
SRC sample, Table 2.A.4 shows how the selection process affects the total number of

observations.

Variable definitions

17Until 2015, the PSID uses the term Wife for married females and "Wife" for a cohabiting female.
Starting with the 2015 wave, it changed its terminology to reference person for the head, and spouse or
partner for the Wife and "Wife", respectively. Going forward, I will use head and spouse.
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Table 2.A.4: Sample selection in PSID

# dropped # remain

Initial sample (head and spouse) . 31,161
Age between 25 and 59 4,924 26,237
No Education information 2,505 23,732
Hours worked < 0 or > 5840 79 23,653
Hourly wage < 0.5 min wage (2002%) 392 23,261
Wage fluctuations 876 22,385
Balanced panel 7850 14,535

Note. The initial sample already excludes the latino, the immigration as well as the SEO subsample. I
look at PSID from 2002-2006, hence the final number of 14,535 amounts to 2,907 individuals observed
over the entire time horizon. In total, I observe 10,865 families.

Annual labor income The notion of labor income used for estimation includes wages
and salaries, bonuses, overtime, tips, commissions, professional practice or trade, mar-
ket gardening, farm income, and unincorporated business income. All variables refer to
pre-tax values. Post-tax values are obtained by subtracting (labor income) taxes which
are estimated with NBER’s TAXSIM program.

Annual labor hours Total annual hours worked refers to self-reported hours worked
in all jobs, including overtime. Due to missing data for the years 2003 and 2005, I
cannot add time spent in unemployment or time spent away from work due to illness
of the respondent or others to this variable. Results in Flodén and Lindé (2001) suggest,
however, that the parameter estimates are largely unaffected by this omission.

Hourly earnings Hourly post-tax earnings (or post-tax hourly wage) are computed

by dividing post-tax annual labor income by annual labor hours.

Table 2.A.5 provides summary statistics of the hourly wage rate and yearly labor

earnings of the final sample.

Estimation As Flodén and Lindé (2001), I refrain from modelling individual-specific
intercepts to capture the permanent component. Instead, it is assumed that permanent

wage differences can be captured by observed individual characteristics in 2002. These
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Table 2.A.5: Summary statistics for the primary sample, PSID 2002-2006

Mean Mean Median _ Varof |Mean Mean Median  Varof
Year | age wage wage log(wage) | age wage wage log(wage)
[ Head | Spouse
2002 | 4093 20.28 16.19 0.35 29.58 15.83 13.64 0.27
2003 || 41.89 19.89 15.92 0.31 30.65 1522  13.08 0.27
2004 || 42.89 2144 17.00 0.33 3140 16.76  14.48 0.27
2005 || 4394 20.78 16.38 0.32 3242 1554 13.29 0.28
2006 || 4493 2245 17.58 0.34 3319 1748  14.80 0.28

Note. Wage variables are in 2002 dollars.

characteristics include age, completed education, occupation, sex, and race.'® That is, I

estimate the following linear model using OLS:
In w0000 = Bo + Bragem + Baages, + Bzsexy + Baeducy + P50ty + Vmoonz, (2.A.11)

where age denotes the individual’s age, sex;, is a dummy variable for the individual’s
gender, educy, is years of completed education, and oc¢,, is a vector of 24 occupation
dummies. The estimation results are shown in Table 2.A.6.

The predicted wage log @, 2002 = ¥ is then used as an estimate for the permanent
wage component for all years ¢t € {2002,2003,2004,2005,2006} for head and spouse,
respectively.

To isolate the residual within a household i, I sum the predicted values for all wage

earners within a family and subtract it from the observed total family wage, that is,
w;’,ets = log Whead t + ]Og wspouse,t _ (EBhead + lpspouse).

The residual is essentially the stochastic part which captures all remaining produc-

18 Education refers to years of completed schooling in 2002. The occupation variable captures 3-digit
occupation codes from the 2000 BLS census of population and housing. In total, 24 categories are then
constructed based on all major occupation profiles: https://www.bls.gov/oes/current/oes_stru.htm.


https://www.bls.gov/oes/current/oes_stru.htm

42 Consumption insurance and credit shocks

Table 2.A.6: OLS estimation for permanent relative wage component

Heads Spouses

age 0.067*** 0.006
(0.013) (0.017)

age” —0.068*  —0.003
(0.018) (0.021)

sex 0.152*** -
(0.039)

educ 0.074*** 0.077***
(0.007)

constant —2.625"** —1.636™**
(0.365) (0.570)

F-test 0.000 0.000

Adj R? 0.235 0.284

N 1,919 988

Note. * p < 0.1; ** p < 0.05; *** p < 0.01. Occupation dummies are included in the regression, but are not
presented here. The sex variable is omitted in the specification for spouses as all observations are female.

tivity risk once observable permanent components have been removed."
With the family wage residuals at hand, I can estimate the parameters p, Ug, and (762

from the following variance moment conditions for all ¢

var (w}) — var(x;) — var(e;;) — var(viy) =0
o2 2.A.12)

2
1—p?

var (wj§) — — 02 —02=0,

where the second line follows from stationarity of x;. And from the following covari-

19In particular, with the assumptions on the separate productivity processes of family members, we
can write:

res __
Wit = Khead,t + Kspouse,t + €nead,t T Espouse,t + Viead,t + Vspouse,ts

Kit €it Vit

where x;; = px;;_1 + (;; and variances (02, 02, 7P).
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ance moment conditions for all £ > s:

cov (Wi, wi%) — cov(xiy, ki) = 0
o . 0_5 (2.A.13)
cov (wi,t /wi,s ) -p 1— pZ =0,

where the first line already excludes covariance terms with €;; and v;; due to the inde-
pendence assumption.

In total I can construct 15 moments (five variance moments and ten covariance mo-
ments) to estimate three parameters; that is, the system is overidentified. Therefore,
I use the generalized method of moments (GMM) to minimize the equally weighted
distance?” between model and data determined by the theoretical moment conditions

in Equation (2.A.12) and Equation (2.A.13), and their empirical counterparts.

Table 2.A.7: GMM estimation results for the stochastic process

Parameter Estimate Standard Error

0 0.9368 0.0093
o? 0.0294 0.0043
oé 0.0670 0.0044

Note. This table shows the estimated parameters of a process for log wage/productivity residuals at an
annual frequency. Standard errors are block-bootstrapped with 500 iterations at the family /household
level.

The GMM estimation results are shown in Table 2.A.7.

Quarterly process A time period in the model is a quarter. Hence, I have to convert
the estimates. To match the parameters from the quarterly AR(1) process to the annual
moments, I use the expression for the variance and autocovariance of the yearly average
of a quarterly AR(1) process. To illustrate this, take the following process z to represent

a standard AR(1) process in quarterly terms, where t denotes the 4th quarter and t — 3

20 Equal weights are motivated by the results of Altonji and Segal (1996) who show that in small sam-
ples the equally weighted minimum distance estimator dominates the optimal distance estimator, espe-
cially when using higher than first-order moments.
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is the 1st quarter of a given year:
Zs = PgZs—1 +& Vse{tt—1,t—-2,t-3},

where I omit a constant as it does not affect either the variance or the covariance and ¢
is assumed to be identically and independently distributed with variance ¢?2. Further-
more, | assume that the process is weakly stationary. Thus, the yearly average is given
by z = %(zt + 241+ zt—2 + z;—3). Given a zero mean and using that the unconditional

2
variance of the quarterly AR(1) process is given by ﬁ, I can write the variance as
P

_ _ 1
Var(z) = E[z%] = 4_2E(Zt +zi1+ 204 21-3)°
> (2.A.14)

1 op
= (4 +6p5 + 402 +200) ——
42( + 604 + 405 + p,,)l_p%

where I used that

E(ziz;_p) = pZE[z‘f_h] Vh € {1,2,3}

Elerzs] =0 for s<t

By analogy, the autocovariance between two yearly averages, z; and z;_ 4, is

_ 1 o?
Cov(ZfZry1) = 45 (0 + 207 + 3p; + 40 + 307 + 205 + p7) : _sz (2.A.15)
q

The yearly estimates from Table 2.A.7 are 0.9368 for the autocorrelation and 0.0294

for the conditional variance. Hence, I choose the quarterly parameters to match the

0.0294
7 1-0.936827

for Equation (2.A.15). This yields a quarterly autocorrelation

yearly unconditional variance for Equation (2.A.14) and the yearly autoco-

0.0294

variance, 0.9368 - 12093682

of p; = 0.976 and a quarterly variance of 05 ¢ = 0.012. The last term to pin down is the
quarterly variance of the transitory component, U(%e. To do so, I'solve 0'5,6 / (T%K = 0?/c?.

In other words, the relative contribution of the transitory component on a quarterly
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Figure 2.B.6: Hodrick-Prescott Filter on Credit Card Balances

frequency is the same as on a yearly frequency.

2.B Hodrick-Prescott Filter on Credit Card Balances

Denote by y; the aggregate credit card balance in the United States, the variable of
interest. To isolate the short-run or cyclical component, I apply a standard Hodrick-

Prescott filter:

i (L2 E i~ 0~ -5,
where ¢; = y; — gt denotes the cyclical part, and g; is the trend component. Figure 2.B.6
shows the extracted trend component (Panel (a)) and the extracted cyclical component
(Panel (b)). The episode prior to the great financial crisis is clearly visible when aggre-
gate credit balances were substantially above the trend level.

Another common specification is to take the logarithm of y;, as then (g;41 — g) is
a growth rate and, hence, the second part can be interpreted as the change in trend
growth (Hodrick and Prescott (1997)). I will look at both in my estimation.

The empirical moment I want to match with the model is the autocorrelation in the

cyclical component. Hence, I estimate an AR(1) and target the coefficient on the lag.
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The results are shown in Table 2.B.8. We see that the two coefficients are similar in
magnitude and do not differ significantly. For my quantitative exercise I will target the

coefficient in levels.

Table 2.B.8: Autocorrelation in cyclical component

Level Log
Lag 0.841  0.829

(0.064) (0.063)
Observations 67 67
R-squared 0.70 0.68

Note. This table lists the OLS estimates of the AR(1) process on the cyclical component of the aggregate
credit card balances. The "Level/Log" specification refers to whether the Hodrick-Prescott filter was
applied in levels or logs.

2.C Additional results

Transitional dynamics of aggregates Figure 2.C.7 shows the responses of the interest
rate, labor supply, and output, respectively, for both credit shock specifications. The
permanent credit shock specification replicate qualitatively the results by Guerrieri and
Lorenzoni (2017). The mean-reverting specification shows the opposing dynamics in

the short and medium term, as discussed in the main text.
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Figure 2.C.7: Interest rate, labor supply, and output during the transition
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Note. This figure shows the responses of the interest rate, labor supply, and output, respectively, for
the permanent and mean-reverting credit shock specification. The interest rate is annualized, whereas

aggregate labor supply and output are in percentage deviations from the initial steady state.

State-dependent credit limit I also experimented with a state-dependent form of the
credit limit specified as ¢y 1 = ¢p;+1Y;+1. The steady states are unaffected by this formu-
lation if I scale the state-dependent borrowing limit parameter accordingly: ¢/Y = ¢.
I then modelled a permanent shock to ¢, that replicates the aggregate drop in the
credit-limit-to-GDP ratio of 30% as observed in the data. However, as shown in Fig-
ure 2.C.7, the drop in output under both credit shock specifications is fairly small with a
maximum decline of 0.28% on impact. As a result, the transitional dynamics under the
ad-hoc credit constraint from the main text and the state-dependent credit constraint

introduced here are virtually identical.

2.D Steady state optimization and stationary recursive equi-
librium

In this section, I first state the household problem in the steady states in recursive

form. Second, I define the stationary recursive competitive equilibrium. The main
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difference to the transitional equilibrium definition in the main text is that the value
function, policy functions, the interest rate and government policies are not indexed by
®; recall that the time subscript implicitly took care of this in Definition 1. The reason
is that all conditions have to be satisfied only for the equilibrium measure ®, which

reproduces itself — it is stationary.

Recursive Problem
V(b,6;®) = max [u(c,n) + ﬁlE[V(b’,e’;ob’)]}
cn,b’
s.t.
G(@)W +c <b+y— (D) (2.D.16)
b > —¢
@' = H(D),

where H(®) is the law of motion generated by the Markov process governed by I' and
the optimal policy functions of the household.
Denote the set of all probability measures on the measurable space (S, %;) by M.

The stationary recursive equilibrium is summarized in the following definition.

Definition 2. A stationary recursive competitive equilibrium is a value function V :
S — R, policy functions for the household C : S -+ Rand N : S — R, future bond

holdings ¥/, an interest rate r, government policies 7 and a measure & € M such that

i) V, C, N are measurable with respect to ;, V satisfies the optimization problem of
the household, Equation (3.8), and C, N are the associated policy functions, given

rand T.

ii) The government budget constraint is satisfied
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iii) The asset market clears

/ b (b,0)dd = B
(Ax©)

iv) Forall § € %
D(S ——/ b,@, d ,
(S) (Ax )Q(( ), S)dd

that is, the probability measure reproduces itself.

Again, the goods-market clearing condition is redundant by Walras law and thus omit-

ted.

2.E Computational Details

2.E.1 Numerical Algorithm - Steady State

I describe now how I compute the policy functions and the invariant distribution

for the initial and terminal steady states.

Policy Functions To obtain the policy functions, I employ the endogenous grid method

by Carroll (2006).

1. I construct a grid on (b,0) where b € G, = {by,...,—¢,...,0,...,by} and 0 €
@ ={6,...,01}

2. I guess an initial policy function Co(bi, 9]-) = max{cyin, t - b;} where c,,;, is a pre-

specified minimum consumption level.

3. Tterate over pairs {b},0;} in this and the next step. Fix 6; and iterate over all grid
values of b. For any pair {b],0;} on the mesh G, x ® where the borrowing limit

is not binding, construct

2=

C(b;,0;) = |B(1+7) Y 7(0'16)Co(b},0) 7|
0'cO
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which is the Euler equation solved for consumption using my utility specification.
7t(6'|6;) denotes the probability of being type 6’ tomorrow conditional on being

6 today. Similarly, I solve for optimal labor supply and construct

N(b},6;) = max {0,1 _ [W] v}

where I use the consumption level from the consumption policy function above.
If the borrowing limit is binding, I cannot use the Euler equation. Hence, I set the
consumption level to ¢, to calculate optimal labor supply 1,,;, from the condi-

tion above. Using 1,,;,, I compute the level of consumption, c*, that solves
= _(p———c + 0inyin — T

This is the lowest consumption level that is generated by the consumption pol-
icy function. The consumption area between this level and the lowest consump-
tion level where the constraint is not binding, is then generated by computing an
evenly sized grid between these two points. Subsequently, labor supply for con-
strained households is computed identically as above, using the newly obtained

consumption levels. Do this for all 6; € ©.

These two approaches combined yield the policy function for consumption and

labor supply, respectively, in any given iteration.

. From the budget constraint, I solve for the value of assets today, b*(bf, 9]'). For

unconstrained agents, this is

~

b;
1+r

b* (b}, 6;) = +C(b},6;) — ;- N(b}, 6;) + 7.
For constrained agents, I replace b; with —¢. This implies that asset holdings of
b*(b],0;) and an idiosyncratic shock of 6; today would lead the agent to hold b]

assets tomorrow. The function b* (b}, ;) is not defined on the grid G, and changes



2.E Computational Details 51

every iteration, i.e. endogenous grid. This is also important when I compute the

invariant distribution.

5. Update the guess of the consumption policy function. To obtain a new guess
Ci(b;, 0;) I linearly inter-and extrapolate the values for {C(b},6;),C(b} ,6;)} on

+b+

the two most adjacent values {b;, b}

} that enclose the given grid point b;. If
some grid point values b; are beyond b}, I extrapolate to obtain the new guess.

After I obtained all new guesses, I impose the lower bound of ¢y,

6. I declare convergence when
H}?X |Cn_|_1(bi, 9]) — Cn(bi, 9])| <§g,

for some small ¢ and where C,, (b;, 0;) denotes the consumption policy in the n’th
iteration. If convergence has not been achieved, repeat steps 3-5 using the latest

guess of the consumption policy function and check convergence again.

Invariant Distribution

1. Assign weights for all possible bond holding values generated by the policy func-
tions above that are proportional to the distance of the two most adjacent grid
point values. For instance, let the current bond holdings be bt and let {b,_1,bn}
be the two most adjacent grid point values that enclose these bond holdings. The

weight ¢ is then computed as

bt — b, 4

+— .
"

If current bond holdings are above (below) the highest (lowest) grid point value,

set the weight for the highest (lowest) grid point equal to 1.

2. The initial guess for the initial distribution ® ) (b|0) is the uniform distribution.
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3. Fix 6; and and compute the distribution as follows:

D@1y (bp-116;) = Y (1 =) 7(6[6,)P o) (b-1]6))

0'cO
) (bal6)) =} C7(6']6;)@(g) (bul6)),

0'cO
where { denotes the particular weight for the bond holding that is enclosed by
the grid points {b,,_1, b, }. The weights adjust for the transition of off-grid values
to values on the grid: when bond holdings are close to, say, b, the distribution
(1)(bn]0) gets a higher weight. Furthermore, the distribution ® ;) (b,6;) is af-
fected by the probability of being type 6’ tomorrow conditional on being 6; today,
denoted by 7(6'|6;), and the current mass at particular bond holdings conditional

on being type 6}, @ ;_1)(bx0;).

Repeat this for all 0; € ©, b, € G and sum the distributions to get @i (b|0).

4. T check convergence by computing
[P k) (016) — Py (b10)] <€,

for some small € and where ® 4 (b|6) denotes the distribution in the k’th iteration.
If convergence has not been achieved, repeat step 3 using the latest guess of the

distribution and check convergence again.

2.E.2 Numerical Algorithm - Transition

I describe now how I compute the transition path for interest rates. Essentially,
the algorithm iterates backward over the policy functions starting from the terminal
steady state to obtain a sequence of policy functions. Subsequently, with the sequence
of policy functions at hand, iterate the distributions forward starting from the station-
ary distribution in the initial steady state. This backward-forward iteration to obtain

general equilibrium time paths of aggregate prices (and variables) has been employed



2.E Computational Details 53

by several recent articles, for instance, Guerrieri and Lorenzoni (2017) or Auclert and
Rognlie (2020)

The economy at t = 0 is at the steady state with stationary distribution ® over assets
and productivity types. At the end of period ¢t = 0, an unexpected credit crunch hits
the economy that reduces the borrowing limit ¢;. I assume that the economy converges
to the new terminal steady state after T periods, for T arbitrarily large but finite. The
assumption on T allows us to solve the household problem by backward induction. To

compute the equilibrium interest rate path, I follow these steps:

—

. IsetT =100.

N

. I'specify the sequence of borrowing limits {¢ }_; where the borrowing limit from

the terminal steady state is obtained after 6 periods.

(€8]

. I compute the policy functions of the initial and terminal steady state using the

algorithm in Section 2.E.1

S

. I guess an initial interest rate path of length T such that r; = r Vt > 1, i.e. the

sequence of interest rates equals the interest rate in the terminal steady state.

a1

. Since Cr(b,0) equals the consumption policy function from the terminal steady
state, I can solve the household problem by backward induction and derive
{C(b,0) th_ll and {N;(b,0) th_ll using the endogenous grid method as outlined
above. For every t, I use the corresponding interest rate and borrowing limit from
the specified sequences. Again, bond holdings can be computed via the budget

constraint.

6. Iterate the bond distribution forward starting from the initial steady state distri-
bution at t = 1. Compute the aggregates, i.e. output, consumption, labor supply,
and household bond demand, at time t, using the time t policy functions from the

previous step.
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7. For every iteration, I check bond market clearing for convergence:

<(Bdem — B)/ (Bdem — B)>
\/ T <E, (2.E.17)

for a small € and where B,,,, denotes the aggregate bond demand vector of length
T, B denotes the bond supply vector of length T, and (-, -) denotes the inner prod-

uct.

. If inequality Equation (2.E.17) is not satisfied for any iteration k, I update the

interest rate path for next iteration, r**1), based on bond market clearing with

the following linear updating rule

A1) ok 8(B(k)

dem

— B),

where B

1em denotes aggregate bond demand at iteration k and B denotes bond

supply. € are exponentially decaying weights, i.e. divergences in the bond mar-
kets at time periods closer to the credit crunch get a higher weight. Note that

k)

r(k+1), ke, Bé em,andB are vectors of length T representing the whole path. Re-

peat steps 5-8 using the new interest rate path until convergence is achieved.
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Carbon taxation and precautionary

savings!

Abstract

How does uninsurable idiosyncratic risk affect the optimal carbon tax? To answer this
question, I augment a heterogenous-agent incomplete-markets model with a climate
externality on total factor productivity and dirty energy demand of households and
firms. A government sets a carbon tax on energy and redistributes its revenue lump-
sum. I find that the optimal carbon tax is increasing in the level of uninsurable id-
iosyncratic risk, because the tax and transfer combination provides redistribution and
insurance through higher transfers and by increasing wages and interest rates due to
lower climate damages. However, this result depends on the set of adjustable tax in-
struments.

Keywords: heterogenous agents, precautionary savings, carbon taxation

JEL codes: C23, D12, D31, Q50
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3.1 Introduction

How does uninsurable idiosyncratic earnings risk affect the optimal carbon tax? In this
chapter, I argue that an increase in the uninsurable idiosyncratic risk that households
face gives rise to a higher optimal carbon tax in general equilibrium.

I begin by considering a standard heterogenous-agent incomplete-markets economy
a la Aiyagari (1994) and enrich it along four dimensions. First, households supply
labor and have Stone-Geary preferences over a clean and a energy-intensive (dirty)
consumption good, where the dirty energy good is subject to a subsistence level. The
subsistence level implies that carbon taxation would be regressive per se, as poorer
households spend a larger fraction of their income on dirty goods. Second, the supply
side features an energy producer and a final goods producer that uses capital, labor,
and energy for production. Third, I introduce a climate externality. Energy production
is pollution-intensive and increases the stock of carbon in the atmosphere which in turn
decreases total factor productivity of the final good firm. Fourth, the government has
access to non-individualized lump-sum transfers, capital taxes, labor income taxes, and
carbon taxes.

In this model environment, households have a precautionary saving motive, be-
cause there is only one saving instrument available to self-insure against the uninsur-
able idiosyncratic risk and borrowing is limited by an exogenous constraint. It is well-
known that this precautionary saving behavior then implies a concave consumption
function in current income and wealth (Carroll and Kimball, 1996; Jensen, 2018). Build-
ing on this insight, I show that this result carries over to static Stone-Geary preferences,
which otherwise imply a linear expenditure system in a model environment without
idiosyncratic risk. Hence, consumption functions with respect to the clean and dirty
good are also concave and thus imply decreasing marginal propensities to consume
with respect to both goods. Put differently, idiosyncratic risk and precautionary sav-
ings give rise to non-linear Engel curves. As a result, the optimal carbon tax set by

the government might also take into account distributional and insurance concerns in
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addition to the climate externality (Jacobs and van der Ploeg, 2019).

To quantitatively study this interaction between carbon taxation and uninsurable id-
iosyncratic risk and precautionary savings, I calibrate and estimate the economic part
of the climate-economy to match features of the U.S. economy. The calibration of the
climate block is taken from the literature and represents climate impacts on a global
scale. I then use my estimated model as a laboratory and optimize over the carbon tax
in a stationary recursive equilibrium under an utilitarian welfare criterion. In partic-
ular, the government chooses the carbon tax and redistributes revenue lump-sum to
households to maximize social welfare in the economy. Due to concavity of the utility
function, the government has an implicit preference for redistribution and insurance.

The optimal carbon tax in the benchmark steady state is about 141 $ per ton of CO,
and emissions are reduced by almost half. To understand the effect of idiosyncratic risk
and precautionary savings on the level of the carbon tax, I then repeat this optimization
when I scale up and down the idiosyncratic labor productivity risk that agents face in
the economy. As my main result, I find that the optimal carbon tax is increasing in
the level of uninsurable idiosyncratic risk. This results holds for a comparative statics
exercise, where model parameters are kept fixed, and for a case in which I recalibrate
the model prior to optimization to match average hours worked and the capital-to-
output ratio from the benchmark.

I identify two channels why a higher carbon tax is optimal in a high-risk envi-
ronment. First, carbon tax revenue is redistributed lump-sum back to households,
thus improving insurance and equality in the economy. Indeed, under optimal car-
bon taxes both consumption and net income inequality decrease. Second, as pollut-
ing is now more expensive, emissions and economic damages decrease, total factor
productivity increases and thus also interest rates and wages. Both channels mirror
state-independent insurance policies against the uninsurable idiosyncratic risk and es-
pecially higher wages are valued more by poorer households in a more uncertain envi-
ronment.

To better understand what components gives rise to a non-zero carbon tax in this
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economy and the positive relation between optimal carbon taxation and uninsurable id-
iosyncratic risk, I conduct several exercises that change various features of the model.
First, I introduce a skill-specific incidence rule for lump-sum transfers. Transfers are
now proportional to ones labor productivity and are hence less redistributive. In re-
sponse to this, the optimal carbon tax is reduced by half. The planner reduces the
tax compared to the benchmark case, because transferring carbon tax revenue back to
households now contributes less to redistribution and insurance.

Second, I optimize the carbon tax when I remove the subsistence level and damages,
respectively. Eliminating the subsistence level increases the carbon tax only slightly. In
this respect, the regressivity of the subsistence level does not seem to have a big quan-
titative impact. Eliminating climate damages, on the other hand, reduces the carbon
tax to a measly 9% per ton of CO,. Naturally, this indicates that a carbon tax on its
own is an ineffective way to raise revenue for redistribution and insurance. In this
way, it predominantly increases the price of the dirty good without bringing the bene-
fit of increasing wages and interest rates through lower climate damages on total factor
productivity.

Note that the utilitarian criterion used so far conflates redistribution and efficiency
motives of the planner. For this reason, I also use a criterion inspired by Bénabou
(2002) that places no weight on interpersonal redistribution. The carbon tax under the
efficient welfare criterion is about 6% lower than under the utilitarian welfare criterion.
Furthermore, combining the efficient welfare criterion with no damages in the economy
pushes the carbon tax to almost zero. These findings suggest that redistribution due
to equality concerns of the planner is larger than for efficiency concerns. Under no
damages, the carbon tax is reduced to a pure consumption tax on the dirty good and
commodity tax differentiation does not yield large efficiency gains in this setup.

Finally, all of the above exercises keep other taxes in the economy fixed. This ex-
ercise has a major practical relevance, however, it is unsatisfactory from an economic
theory perspective, as all inefficiencies and redistributive shortcomings of the econ-

omy are captured by the carbon tax alone. As a result, I repeat the main exercises from



3.1 Introduction 59

above, but now also let the government adjust labor income taxes. As before, lump-sum
transfers adjust such that the government budget constraint holds. I find that average
labor income taxes are increasing in uninsurable idiosyncratic risk and precautionary
savings. This is intuitive, as the planner now engages in progressive redistribution by
increasing labor taxes. At the same time, however, carbon taxes are now decreasing. In-
tuitively, marginal benefits with respect to redistribution from the carbon tax-transfer
combination are now lower, and the price increases on the dirty good are hurting agents
relatively more in a high-risk environment. Hence, if the government has additional tax
instruments at its disposal, the relationship between uninsurable risk and carbon taxes

reverses.

Related literature and contribution My chapter contributes to several strands of the
literature overarching optimal fiscal policy, consumption dynamics, and environmental
economics.

My key contribution to this literature is the joint analysis of optimal carbon taxa-
tion in an environment with idiosyncratic risk which generates precautionary savings.
The quantitative model combines a heterogeneous-agent incomplete market economy
in the spirit of Bewley (1986); Huggett (1993); Aiyagari (1994) with a climate sector,
which yields an endogenous distribution over income and wealth, and heterogeneity
in marginal propensities to consume. Hence, my model allows to study the interac-
tion of climate policies and economic inequalities in a unified framework. Thereby, I
connect two lines of research.

The first line is a rapidly growing literature which analyzes optimal carbon taxation
in quantitative macroeconomic models. Building on the seminal work by Nordhaus
(1992, 1993), who developed the first integrated assessment model (IAM) to analyze
climate damages within a centralized economic framework, several papers moved to
decentralized market structure. For instance, Golosov, Hassler, Krusell and Tsyvinski
(2014) derive a formula for the optimal carbon tax in a dynamic stochastic general-
equilibrium model with an externality and resource scarcity. Building on their quan-

titative work, Barrage (2020) quantifies optimal carbon taxation in a model with tax
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distortions, and in turn, Douenne, Hummel and Pedroni (2023) quantify the additional
impact of inequality.? None of these papers investigate settings with idiosyncratic risk,
which is my main contribution compared to existing frameworks.>

The second line investigates the impact of idiosyncratic uncertainty and borrow-
ing constraints on individual consumption demand. In particular, in the presence of
idiosyncratic risk both prudence in preferences as well as borrowing constraints give
rise to a precautionary saving motive which renders the consumption function concave
in current income and wealth (Leland, 1968; Sandmo, 1970; Zeldes, 1989b,a; Kimball,
1990a,b; Carroll and Kimball, 1996; Huggett and Ospina, 2001; Carroll, Holm and Kim-
ball, 2021).4

Second, my exercise builds on the theoretical literature on optimal carbon taxation.
In particular, Jacobs and van der Ploeg (2019) show that the optimal carbon tax should
be equal to the marginal external damage of pollution if Engel curves are linear and
the social planner has access to a non-individual lump-sum transfer and linear income
taxes.” In other words, the optimal carbon tax follows the Pigouvian rule (Pigou, 1920).6
Intuitively, any demand change induced by the carbon tax can be undone by changing
the lump-sum transfer and the income tax. The main difference in this chapter is that

I consider a quantitative model with idiosyncratic risk, CRRA utility, and borrowing

2 Other quantitative examples study the optimal environmental policy in response to business cycles
(Heutel, 2012) or nominal frictions and uncertainty (Annicchiarico and Di Dio, 2015), or in an overlap-
ping generations framework (Kotlikoff, Kubler, Polbin and Scheidegger, 2021a; Kotlikoff, Kubler, Polbin,
Sachs and Scheidegger, 2021b).

3 An exception is Benmir and Roman (2022) who study the 2050 net zero emissions target for the U.S.
in a HANK model. The main difference to the present chapter is that I focus on the optimal carbon tax
and model household consumption with quasi-homothetic preferences and two goods.

4 Lugilde, Bande and Riveiro (2019) survey the empirical literature on precautionary savings. They
conclude that papers which "test the effect of uncertainty about future income on consumption/saving
decisions, especially [those] using micro data, tend to provide robust and convincing results as regards
the existence of a precautionary motive for saving" (p.507). Examples of micro-panel studies in differ-
ent countries include Carroll and Samwick (1997, 1998); Guariglia and Rossi (2002); Guariglia (2003);
Lugilde, Bande and Riveiro (2018).

5 This result is reminiscent of earlier studies by Angus Deaton (Deaton, 1979, 1981) in which he demon-
strates that uniform commodity taxation is desirable under linear Engel curves and separability in con-
sumption and leisure.

6 This refers to Proposition 2 in Jacobs and van der Ploeg (2019).
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constraints in which, as explained above, non-linear Engel curves are microfounded.”

Recent studies further extend these theoretical analyses under deterministic envi-
ronments with tax distortions (Barrage, 2020) and inequality (Douenne et al., 2023).
Compared to this theoretical literature I do not have analytical results concerning the
optimal carbon tax, because a closed-form solution is not obtainable within the class of
models I consider. Instead, I conduct counterfactual analyses to disentangle the main
forces behind my results, as is common in this literature (see e.g. Conesa, Kitao and
Krueger, 2009; Dyrda and Pedroni, 2023).

In addition, my chapter relates to the literature on subsistence consumption of carbon-
intensive goods and the incidence of taxation (Klenert and Mattauch, 2016; Klenert,
Schwerhoff, Edenhofer and Mattauch, 2018). I contribute to this literature by propos-
ing a novel strategy to estimate the structural parameters - including the subsistence
level of dirty goods consumption - of the model via indirect inference (Guvenen and
Smith, Jr., 2014; Stoltenberg and Uhlendorff, 2023).8

Lastly, my chapter builds on the literature which studies how to optimally recycle
carbon tax revenue (Fried, Novan and Peterman, 2018, 2021; Goulder, Hafstead, Kim
and Long, 2019). This chapter, on the other hand, examines the optimal level of the
carbon tax, and the method of revenue recycling is, for now, set to lump-sum transfers.

The chapter is organized as follows. Section 2 describes the quantitative model. Sec-
tion 3 presents the data and outlines the estimation strategy. Section 4 briefly discusses

the main quantitative exercise and presents the main results. Section 5 concludes.

7Jacobs and van der Ploeg (2019) is a specific application of a more general result that the optimal car-
bon tax equals the Pigouvian rate adjusted by the marginal cost of public funds (Sandmo, 1975; Boven-
berg and de Mooij, 1994), which equals one under the optimal tax system (Jacobs and de Mooij, 2015;
Jacobs, 2018).

8 The references in the text refer to recent applications of indirect inference to dynamic macroeconomic
models. A theoretical treatment can be found in Gourieroux, Monfort and Renault (1993) and Smith, Jr.
(1993).
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3.2 An Economy with Idiosyncratic Risk, Two Goods, and
a Climate Externality

This first two parts of this section describe the economic model used in the quan-
titative analyses to study the interaction between uninsurable idiosyncratic risk and
optimal carbon taxes. Households face uninsurable idiosyncratic productivity risk and
borrowing constraints, supply labor and consume clean and dirty goods. The structure
of production and the climate sector largely follows Barrage (2020) and Golosov et al.
(2014), respectively. In the last part, I discuss household consumption and saving deci-
sions in more detail. In particular, I discuss the emergence of non-linear Engel curves
over consumption in this framework, even under quasi-homothetic preferences, which
provides the theoretical rationale for carbon taxes to take into account distributional

concerns (Jacobs and van der Ploeg, 2019).

3.2.1 Setup

Households Time is discrete, t € {0,1,...}, and there is no aggregate risk. The
time period in the model is five years. The economy is populated by a continuum of
infinitely-lived households of measure one. Households’ preferences are represented

by the utility function

(e (dy — d)t=) n (1—ny)t=e
= 1—7 1—e€

(3.1)

where c;; denotes the consumption flow of the clean good, d;; denotes the consumption
flow of the dirty good, d denotes the subsistence level for the dirty consumption good,
and n;; denotes labor supply of household i at time t. The time endowment of each
household is normalized to 1. The future is discounted with factor p.

The first part of the preferences in Equation (3.1) nests a Stone-Geary utility in a

CRRA specification. In particular, v denotes the coefficient of relative risk aversion
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and d is the subsistence level for the dirty consumption goods. It is important to note
that the elasticity of substitution between the clean and the dirty good is decreasing
in the subsistence level (Baumgartner, Drupp and Quaas, 2017).” 7 and (1 — ) are
expenditure shares based on total income net subsistence consumption, as will become
clear below. Regarding the second part, x denotes the disutility of labor supply, and €
is related to the Frisch elasticity of labor supply%l’T”.

Households are subject to idiosyncratic productivity risk captured by a first-order
Markov chain 6; € ® with |®| = S < oo and transition matrix Sl;s' An agents’ pre-
tax income is then determined by her productivity, the equilibrium wage per unit of
productivity, w;, and the amount of labor supply: y}* = w;fn;. Pre-tax income is
transformed into net (or after-tax) income using a net income function 7 (y) = y —
TY(y), where the tax function TY(-) is to be specified below. Moreover, households
have access to a one-period risk-free bond, 4, as consumption insurance instrument.
Capital income is taxed at rate TF and borrowing is restricted by an ad-hoc constraint
a. Lastly, share (1 — ) of energy produced is dirty and hence potentially subject to a
carbon tax 7;, which the energy producer passes through to households (and the final

good firm) at rate @. The government pays lump-sum transfers g to the household.

Hence, the household budget constraint is
¢t + (pa+ (1= p)@Tg)ds +arer = T(y") + 1+ r(1 = 7T))ar +g,

where p; denotes the price of the dirty good, respectively, r is the equilibrium interest

rate. In the following, I define p = p; + (1 — y)@7y.

Production Imodel two production sectors (Barrage, 2020; Douenne et al., 2023).
Final good sector In the final goods sector, indexed by 1, a final good Y is produced

using a neoclassical aggregate production function

Y = (1-9(S))XF (Ky, Ly, EP) = X(S)F(Ky, L1, EP) = F(Ky, L1, EF; X, S) (3.2)

9 Under no subsistence consumption this elasticity is one (usual Cobb-Douglas case).
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with Kj units of capital, L; efficiency units of labor, E? units of energy as inputs, and
total factor productivity X. The final good can either be consumed or invested. D(S)
represents climate damages to output as a function of the stock of atmospheric carbon S
with ®’(S) > 0. This modelling approach of climate damages follows the seminal work
by Nordhaus (1991) and the more recent environmental macroeconomic literature.
Energy sector In the energy sector, indexed by 2, energy E is produced using a neo-

classical aggregate production function
E = F(Ky, Ly) (3.3)

with Kj units of capital and L; efficiency units of labor. Energy is either consumed by
households (dirty good) or used in production of the final good such that E = E?¥ + D.
Following Barrage (2020), producers can provide a share y from clean energy produc-
tion, such that only E™ = (1 — u)E contributes to the stock of emissions. This clean
technology is available at a cost of ¥ () per unit of energy.

Lastly, capital and labor are fully mobile across sectors such that market clearing

implies:

K=Ki+ Ky (3.4)
L=1,+L, (3.5)

Government The government levies labor taxes on pre-tax income y#’ using the pos-

k

sibly non-linear labor tax function TY(y?"¢), a linear capital income tax 7* as well as a

carbon tax on dirty goods consumption 7;. Moreover, it issues government debt B, and

chooses lump-sum transfers g to balance its budget:
Bt_|_1 -+ gr = (1 + T’)Bt + Tt, (36)

where T; denotes total tax revenue from labor, capital, and carbon taxes.
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Climate sector
Carbon cycle The current level of atmospheric carbon concentration, S;, depends on
current and past emissions. In my case, emissions are related to energy produced net

of the abated share:

o0 [0,]

Si= Y (1- @) [(1— po)Erd] = Y (1 - PE,

=0 =0

where 1 — O = ¢; + (1 — ¢1)po(1 — ¢)T with the following interpretation: ¢ is the
share of carbon emitted which stays in the atmosphere forever; a share of 1 — ¢ of the
remaining 1 — ¢y exits the atmosphere immediately; and a remaining share (1 — ¢1) o
that decays at geometric rate ¢. To write it recursively, following Kanzig (2023), I set

and ¢; = 0 and write
St =(1—¢)Si—1+ @oE" (3.7)

Recursive problem An agent is characterized by the by the pair (a; = a,0; = 0), the

household state, and solves the following optimization problem

V(a,0) = max u(c,d,n) + BEgV(a',0)

cdn,a
subject to
~ / k (3.8)
c+pd+a <(1+r(1—1))a+wbn—TY(wbn)+g
T (w6n)

3.2.2 Equilibrium

Let A = [a,7d] be the set of possible values for a;;. Define the state space by S =
A x © and let the c-algebra Xg be defined as By ® P(®), where By is the Borel o-
algebra on A and P(®) is the power set of ®. Finally, let S = (A x ®) denote a typical
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subset of Xg. I define a stationary recursive equilibrium as follows.

Definition 3 (Stationary recursive equilibrium). A stationary recursive equilibrium is a
government policy {7y, g}, a vector of aggregate quantities {Y, Ky, Ky, L1, Lo, 4, E, S}, a
probability measure A defined over the measurable space (5, Xg), a set of policy func-
tions {c(a,0),d(a,0),n(a,0),

a'(a,0)}, a set of prices {r,w, ps}, and a set of policies {g, 1, 71, 2, T, 7;} such that:
(i) given policies and prices, the decision rules solve the optimization problem Equa-
tion (3.8), (ii) the final goods firm chooses capital Kj, labor in efficiency units L, and
energy EF to maximize profits, (iii) the energy producer chooses capital Kj, labor in
efficiency units Ly, and abatement y to maximize profits, (iv) the government budget

constraint
g+rB= / TY (wbn(a,0))dA + T A + 15(1 — u)E
(Ax©)
holds, (v) the asset market clears

AE/ a'(a,0)dA = B+ K
(Ax©)

(vi) the goods market clears!®

c(a,0)d\+6K+Y(u)E=Y,
g @) (1)
(vii) A is an invariant probability measure and satisfies for all S € Xg

A(S) = /(Ax@) Q((a,0), S)dA,

where Q is the associated Markov transition function induced by I' and a’, and (viii)

the stock of emissions stays constant at S = % (1—u)E.

10 This market clearing condition is actually redundant by Walras’s law, but is nevertheless a useful
check whether all equilibrium conditions are properly computed (Section 3.A.3).
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3.2.3 Quasi-homothetic preferences and concave consumption func-

tions

Jacobs and van der Ploeg (2019) show, in a static setting where expenditure equals
income, that under linear Engel curves, externality correcting taxes should be set at the
Pigouvian rate. This subsection shows that the quantitative model outlined above im-
plies concave consumption functions for clean and dirty goods over income and wealth
due to the uninsurable idiosyncratic risk and precautionary saving behavior. Hence,
there is a rationale for the carbon tax to deviate from the Pigouvian rate and to take

distributional aspects into account.

Stone-Geary preferences In particular, I will argue that this concavity is present even
for static Stone-Geary preferences as in Equation (3.1), which imply a linear Engel
curves in settings with no uninsurable idiosyncratic risk and are often used in the envi-
ronmental literature. The reason for choosing Stone-Geary type preferences is that they
replicate the empirical fact of declining expenditure shares of carbon-intensive goods
(dirty goods) such as energy.

Indeed, this declining relationship between energy expenditure share and total ex-
penditure also holds for the PSID data that I later use for estimation. As Figure 3.1
shows, the expenditure share of US households on energy - defined as the sum of home
fuel, heating, and electricity expenditure as a share of two different consumption mea-
sures in the PSID - decreases from 20% at the lower end of the expenditure distribution
to around 8% at the upper end. Under Cobb-Dogulas utility, the expenditure share
would be constant and independent of the expenditure level. However, the introduc-
tion of a subsistence level, d, generates this pattern as households first have to cover
the subsistence level before equating the (price-weighted) marginal utilities of the two
goods (Equation (3.9)).

Static household problem  To further understand the role of the subsistence level, and
to facilitate the discussion below, it is instructive to separate the household problem

into a dynamic and a static one. In the dynamic problem, the household chooses how
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Figure 3.1: Energy expenditure relative to total expenditure
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Note. This figure shows energy expenditure relative to consumption expenditure with and without
durables for households in consumption expenditure 100 bins. Consumption includes expenses for
food, gasoline, rent, utilities, communication, transportation, education, childcare, medical needs, va-
cations, clothing, and recreational activities. Durable components are car repair expenses, down-, loan-,
and lease-payments for vehicle loans as well as other expenditure regarding vehicles. All variables have
been adjusted using the OECD equivalence scale and are expressed in 2010-5.

much to save for the next period, a;;,1, and how much to spend on consumption. De-
note this latter total expenditure by e;;. In the static problem, the household allocates
total expenditure between the clean and the dirty good, respectively. Formally, the
household solves the following simple problem, in which e;; is predetermined:

u(ey) = maxcj,(di — d)' 1

t
Cit it
subject to:
cit + pdiy = ey

cit >0, dip>d
The intra-temporal first-order condition of this problem is

ug(cip, dig) = puc(cip, dy) = (1 —n)cir = np(dy —d). (3.9)
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The solution to this problem is

Cit =1 (eit — ﬁd),

dy = (1— ;7)% + . (3.10)

Hence, in this simple setting, decision rules for clean and dirty consumption are
linear in total expenditure. The subsistence level is merely a shifter of the expenditure
expansion paths. This is an important feature of these particular preferences. In fact, the
system of demand equations implied by them are referred to as the Linear Expenditure
System (Stone, 1954).

Dynamic household problem Importantly, the main point of this subsection is then
the following: Engel curves are not linear under the dynamic model described in Sec-
tion 3.2.1, which features uninsurable risk and precautionary savings, even with Stone-
Geary preferences (nested in a CRRA specification). The key to this observation lies in
the concavity of the consumption function in heterogeneous-agent incomplete-markets
models (Zeldes, 1989b; Carroll and Kimball, 1996), which is inextricably linked to the
saving behavior of households (Huggett, 2004; Jensen, 2018). Due to uncertain future
income or productivity, households accumulate precautionary savings and especially
so when asset and/or income levels are low. Intuitively, the precautionary desire for
households to self-insure against possible future negative income realizations increases
with lower resources. Hence, poorer households with a relatively stronger precaution-
ary motive have lower consumption and higher marginal propensities to consume (Jap-
pelli and Pistaferri, 2017). In other words, the dirty good Engel curve is non-linear.!!

Figure 3.2 illustrates these points and highlights the distinction between the static
and dynamic framework. Panel 3.2a shows consumption functions for two productiv-
ity types as a function of assets; both are clearly concave and more so for lower levels

of assets. Panel 3.2c shows expenditure on the dirty good as a function of total ex-

1 Carroll and Kimball (1996) discuss two cases under which the consumption function is linear. First,
under isoelastic utility and interest rate uncertainty but no idiosyncratic uncertainty. Second, under
CARA utility and labor income risk only.
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Figure 3.2: Decision rules, expenditure, and marginal propensities to pollute
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Note. The left two panels illustrate the dynamic and static subproblem of the household. The top left
panel shows the standard concave (dirty) consumption function in incomplete markets models due to
precautionary savings from the dynamic problem. The bottom left panel shows the linear relationship
between total expenditure and dirty goods expenditure arising from the static problem. The top right
panel illustrates that the concavity from the dynamic problem is also with respect to income, as marginal
propensities to pollute are on average larger for low productivity households. The bottom right panel
shows the decreasing expenditure share on dirty goods induced by the subsistence level on dirty goods
consumption.

penditure. We see that this relation is linear, relating to the static subproblem of the
household (Equation (3.10)). Panel 3.2b shows the marginal propensity to consume
the dirty good, what I term the marginal propensity to consume (MPP), out of a wind-
fall income gain of 1% of average income. We see that there is a distribution of MPPs,
with higher marginal propensities for lower productivity types. This heterogeneity is a
clear indication of non-linear Engel curves. Finally, Panel 3.2d replicates the decreasing
expenditure shares.

Overall, in the static stage, there is a linear mapping from total expenditures to ex-
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penditures for the dirty good. In the dynamic stage, however, there is a concave map-
ping from income or assets to total expenditure. Both taken together imply a concave
mapping from income or assets to dirty goods expenditure or consumption.

The following proposition formalizes this discussion:

Proposition 1 (Non-linear Engel curves). Under (quasi-)homothetic preferences, inelastic
labor supply, and for any labor-productivity Markov chain which induces non-negative con-
sumption decisions, both the clean and dirty consumption good exhibits concave Engel curves

w.r.t. to income and wealth:
caa(a,0) <0, cgg(a,0) <0 and dy(a,0) <0, dgg(a,0) <0

Proof. The proof of this proposition is a straightforward application of Theorem 1 in
Carroll and Kimball (1996) for a finite horizon or Theorem 4 in Jensen (2018) for an ex-
tension to an infinite horizon and borrowing constraints. The proofs of these theorems
go through without any modification, but the period utility function is replaced by the
indirect utility of the static subproblem, and households choose total expenditure and
savings instead of consumption and savings. Intuitively, it relies on the fact that the
composition of a linear (decision rule in the static problem) and a concave function

(decision rule in the dynamic problem) yields a concave function. O

The takeaway of Proposition 1 and the preceding discussion is that the optimal car-
bon tax should take into account distributional concerns in quantitative heterogeneous-

agent incomplete market models with precautionary savings.

3.3 Bringing the model to the data

The discussion in the last part of the previous section suggests that the presence of
idiosyncratic risk and precautionary savings matters - in theory - qualitatively for opti-
mal carbon taxation. In light of this, the rest of this chapter asks whether these features

are also quantitatively important? Hence, I calibrate the model from Section 3.2.1 and
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have to choose functional forms and parameter values. The latter are chosen in two
steps. First, I set values according to the literature or to match aggregate data targets.
Second, I estimate the remaining set of structural parameters, which only belong to the
household problem, using indirect inference in partial equilibrium (PE). PE requires
to take a stance on the determination of prices, since I do not impose market clearing,

which I will discuss below. Table 3.1 summarizes the parameter values.

3.3.1 Calibration

Preferences 1 choose a standard value for relative risk aversion, v = 2, and set € to
target an average Frisch elasticity of labor supply of one.
Labor productivity process 1 model the idiosyncratic productivity process as the sum

of a persistent and a transitory shock (plus measurement error):

log(6i) = Kit + ir + vyt

K
Kit = PKjt—1 + €.

In particular, the persistence process x is modelled as an AR(1) with persistence p and
variance of its innovation of ¢; the transitory shocks i are independently and iden-
tically distributed with zero mean and variance 0’3) ; v denotes (classical) measurement
error with ¢2.

I determine the (annual) variances of the parameters using pre-tax wage residuals
estimated from PSID data between 2000 and 2006, following the strategy by Flodén and
Lindé (2001), and translate them into the 5-year period unit of the model. Moreover, I
follow Heathcote, Storesletten and Violante (2010) and Straub (2019) and set 02 = 0.02
as estimated in French (2004) to identify the (annual) transitory shock. In Section 3.B.2,

I describe the estimation procedure in detail.
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Final goods production The technology F; is assumed to be of the constant elasticity

of substitution (CES) form

[(1 — ) (KSLIo) T +s(EP)%] o (3.11)

with A as the elasticity of substitution between the capital-labor bundle and energy, and
s a share parameter.'? In equilibrium, the factors of production are rented at rates r + 6,
w, and f, such that by Euler’s theorem: Y = (r 4+ 6)K; + wL; + pE?, where ¢ denotes
capital depreciation.

I fix the gross capital share in production « at 0.36 based on standard estimates from
the literature (Rognlie, 2016) and the elasticity of substitution between the capital-labor
composite and energy A at 0.547 as found in van der Werf (2008). I follow Straub (2019)
and set J to match a capital-to-output ratio of 3.05. The implied wealth to output ratio
is 3.8, close to the most recent estimate of 4 in Piketty and Zucman (2014, Figure 1V)
for the US. The share parameter s is set to match an energy share of production of five
percent.

I normalize output to unity using the technology parameter X. Moreover, recall
that X is a product of net of climate damages and damages: X = X(1 — D(S)). Hence,
during estimation, I ignore the stock of carbon in the atmosphere in the economy, for I
could always update X to cancel out any resulting damages.

Energy production Energy is produced using a Cobb-Douglas technology in capital

and labor:

E = K3EL) “E. (3.12)

12 yan der Werf (2008) writes that "the (KL)E nesting structure, that is a nesting structure in which

capital and labour are combined first, fits the data best, but we generally cannot reject that the production
function has all inputs in one CES function". Another recent example where this particular nesting
structure is used is Hassler, Krusell and Olovsson (2021).
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I set ap = 0.597 following Barrage (2020). Moreover, the abatement cost function is
Y(u) = ap®. (3.13)

I follow DICE and set c; to 2.6. Hence, the cost function is convex in y, implying that
marginal costs are increasing in abatement. To pin down ¢y, I use initial steady-state
values from Douenne et al. (2023), who largely follow DICE 2016 in their calibration.
In particular, the backstop price describes the price of emissions at which there is full
abatement, ;1 = 1, which implies for marginal abatement costs: ;e 'E = c1coE =
pbackstop £ The parameter c; is then chosen such that the backstop-price implied energy

e e el backsto . .
costs to GDP ratio in initial steady state, P Yt E is equal to 0.27 as in Douenne et al.

(2023).

Government 1 use the three parameter functional form by Gouveia and Strauss

(1994) to model the labor income tax function:

T() =0 (37— () ) 7). 19

Gouveia and Strauss (1994) report 1p = 0.258 and 73 = 0.768 for the year 1989 - their
most recent estimate. 7, is determined in estimation and is adjusted such that the gov-
ernment budget constraint is satisfied. I set the capital income tax t* to 0.36 as in Tra-
bandt and Uhlig (2011). Lump-sum transfers ¢ are set to 0.114 to match a transfer-to-
GDP ratio of 11.4% (Dyrda and Pedroni, 2023).

Climate sector As discussed above, during estimation I ignore climate damages. For
completeness, however, I also now describe how I model the climate sector of the econ-
omy, which - in the spirit of Nordhaus’s DICE model (Nordhaus, 1992, 1993) - follows
Golosov et al. (2014).

Carbon cycle To calibrate ¢ and @q I follow Golosov et al. (2014).13 ¢ is set to

capture the fact that excess carbon has a mean-lifetime of about 300 years such that

13 Golosov and co-authors, in turn, cite Archer (2005) and the 2007 technical summary of the IPCC
report (IPCC, 2007)
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Table 3.1: Preset parameters for estimation
Description Value Target/source
Preferences
0% Risk aversion 2.0 literature
€ Curvature of utility from 4.06 Average Frisch elasticity of
leisure unity
Productivities (annual)
Iy Productivity shock 0.9327 PSID
persistence
(ng,c Variance of innovations to 0.0426 PSID
persistent shock
oz Variance of transitory shocks 0.0507 PSID
(Tg Variance of measurement 0.02 French (2004, p.608, Table 5)
error
Production
Final goods production
A Substitution elasticity 0.547 van der Werf (2008, p.2972,
Table 3)
« Capital share 0.36 literature
) Depreciation (annual) 0.140 annual K/Y = 3.05 (FRED)
X Net total factor productivity 2.75 Normalize output to unity
s Share parameter 0.0054 Energy share in production of
5%
w Pass-through coefficient 0.25
Energy production
) Capital share 0.597 Barrage (2020)
Abatement
€1 Scale abatement cost function 1.64 Backstop price to GDP (see
text)
cH Exponent abatement cost 2.6 DICE 2016
function
Government
T Average labor income tax 0.258 Gouveia and Strauss (1994,
p-323, Table 1)
T Progressivity of labor income 0.768 Gouveia and Strauss (1994,
tax p-323, Table 1)
() Scaling parameter 0.525 Government budget
constraint
* Capital income tax 0.36 Trabandt and Uhlig (2011,
p-311,Table 1)
B/Y Public debt (annual) / GDP 0.73 FRED
8/Y Transfers / GDP 0.114 Dyrda and Pedroni (2023)
Climate sector
Damages
¢ Damage parameter 0.016 GDP loss of 5% under BAU
Carbon cycle
® Emissions decay parameter 1 —exp(log(0.5)/60) Golosov et al. (2014)
®o0 Emissions share parameter 05/((1—¢)°) Golosov et al. (2014)

Note. This table shows preset and calibrated parameters of the quantitative model which is used to esti-
mate the remaining parameters via indirect inference. FRED datasources can be found in Section 3.B.1.
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(1— ¢)® = 0.5, while the calibration for ¢y captures that half of the CO, emissions into

05
(1-¢)°

Damage function The functional form for the damage function is taken from Golosov

et al. (2014):

the atmosphere are removed after 30 years: ¢y =

1-9D(S) =e %, (3.15)

where ¢ governs the strength of output damages of a marginal increase in atmospheric
carbon.'* Later, I set the parameter ¢ such that in the initial steady state, without carbon
taxes, damages imply a total loss of 5% of GDP.

Prices and quantities Prices and quantities are pinned down using a system of equa-
tions implied by the supply side of the economy. I fix {r, L, D} and solve for {w, K, K1, Ky,
L1,Ly, pg, E,EF, Y} using i) five first-order conditions of the firms ii) two technology
definitions iii) energy market clearing and iv) factor market clearing. The annual inter-
est rate fixed at 3%, slightly below the estimate of Jorda, Knoll, Kuvshinov, Schularick
and Taylor (2019) for the post-1980 period. I fix L = N} 56sf(6;s), where f(-) denotes
the invariant productivity type distribution induced by the Markov chain and where
I'set N = 0.363 since I target this number in estimation. Given arbitrary model units,
there is no observable counterpart to D and it is difficult to derive a theoretical starting
point, as aggregate dirty goods consumption depends on the distribution of agents in
the economy. Hence, I fix a starting point of D = 0.041 based on test estimation runs
on a coarser parameter grid. Moreover, I later verify post estimation that the implied
aggregate dirty goods consumption is in line with this initial guess.

The remaining structural parameters are (i) the utility elasticity 7, (ii) the subsistence
level d, (iii) the disutility of labor x, (iv) the borrowing limit 4, and (v) the discount
factor B. I will estimate these parameters using indirect inference. In the following two

subsections, I will describe the micro data and targets I use. Thereafter, I will describe

14 As Golosov et al. (2014) explain, Equation (3.15) is an approximation that conflates the concave re-
lationship between CO; concentrations and temperature, and a convex relationship between tempera-

ture and damages. In particular, it implies constant marginal damages - measured as a share of GDP:
aY/os _ _x
AL —
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the estimation procedure in more detail.

3.3.2 Data

I use data from the Panel Study of Income Dynamics between 2005-2018 to compute
the micro moments which I target in estimation. The PSID is a widely used longitudinal
survey containing information on household demographics, income, and wealth. In the
waves of 1999 and 2005, respectively, the PSID extended its collection of consumption
expenditure data. It now captures over 70 percent of all consumption items available
in the Consumer Expenditure Survey (CEX) and around 70 percent of aggregate con-
sumption in the national income and product accounts (NIPA) (Blundell, Pistaferri and
Saporta-Eksten, 2016). The PSID was attested to be a high quality dataset in terms of
general low sample attrition rates and high response rates (Andreski, Li, Samancioglu

and Schoeni, 2014).

Variables The following variables are all on the household level. For instance, in-
come refers to income from both the head and the spouse in the household, if present.
Moreover, all monetary variables in the analysis have been adjusted using the OECD
equivalence scale and are expressed in 2010-5.

Income  Labor income refers to all income from wages, salaries, commissions, bonuses,
overtime and the labor part of business income Total income in addition includes trans-
fers such as as well as social security income. Both income variables are net of taxes,
which were computed using NBER’s Taxsim program.

Consumption Nondurable consumption includes expenses for food, gasoline, rent,
utilities, communication, transportation, education, childcare, medical needs, vaca-
tions, clothing, and recreational activities. Total consumption also includes durable com-
ponents such as car repair expenses, down-, loan-, and lease-payments for vehicle loans
as well as other expenditure regarding vehicles. Moreover, I define energy expenditure
as expenditure on gasoline, electricity, and heating. All three categories are greenhouse

gas intensive goods and are thus used as a data counterpart for the dirty consumption
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good in the model.

Wealth My wealth variable refers to financial wealth net of liabilities. In particular,
I include the value of one’s real estate assets net of remaining mortgages, checking
and saving accounts, stocks, bonds, business assets, IRAs or other annuities, and cars.
I subtract liabilities such as credit card debt, student debt, outstanding medical bills,
legal debt, loans obtained from relatives, and business debt.

Sample My baseline sample includes all PSID waves from 2005-2019, and consists
of households where the head is between 25 and 60 years. I exclude observations for
which information on consumption, income, wealth, education, household size, and
region is missing. Furthermore, I remove observations with labor income below half
the state minimum wage as well as top and bottom 1% of the remaining observations on
consumption, income, and wealth. This leaves me with a sample of 21,750 households,
around 2700 observations per year.

Table 3.D.1 in the appendix shows descriptive statistics about the data. The typical

household head is 42 years old, male, and married with 3 family members in total.

3.3.3 Data targets in estimation

Using the PSID sample and variables as just described, I construct the following

moments.

Hours worked The cross-sectional average of weekly working hours of household
heads in my sample is 40.61. Given that a full week has 168 hours and assuming 8
hours per day for sleep and other personal care leaves 112 hours per week as time
endowment (Guerrieri and Lorenzoni, 2017). Hence, average hours worked as a share

of the total time endowment gives 36.3% which is targeted in estimation.

Wealth-to-income ratio To consider the distribution of endogenous variables in my
model, I follow Stoltenberg and Uhlendorff (2023) and target two moments of the

wealth-to-income distribution: the 10" percentile as well as the median. A 10" and
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Table 3.2: Dirty good regression

dirty goods expenditure

(1) (2) (3) (4)
Total expenditure  0.0646  0.0643  0.0623  0.0486
(0.0152) (0.0152) (0.0156) (0.0113)

Constant 03571 03517 03682  0.4169

(0.1004) (0.0743) (0.1016) (0.0896)
Observations 22033 22033 22033 22027
R-squared 03059 02996 03077  0.3100

Note. This table shows second stage (IV) coefficients J; and dy of Equation (3.16) for different specifica-
tions. Column (1) is the baseline case as specified in the text. Column (2) omits the region dummies in the
control vector. Column (3) additionally controls for liquid assets. Column (4) uses an alternative measure
for consumption as the (instrumented) regressor. Standard errors are corrected for heteroskedasticity and
clustered at the household level.

50t quantile regression on a constant yields 819 = —0.253 and 50 = 1.056, respec-

tively. Both values are precisely estimated.

Dirty good allocation rule Inthe dataIonly observe expenditures, thatis, the product

of price and quantity. Hence, the data counterpart to Equation (3.10) is
padis = 6o + d1eit + X;tw + €, (3.16)

where now e;; denotes observed total expenditure, p;d;; observed expenditure on dirty
goods of household i at time t. X is a vector of controls including household-size dum-
mies, household head’s five-year age bracket, region, household and year dummies
(Pedroni, Singh and Stoltenberg, 2022; Straub, 2019). Total expenditure will be instru-
mented by total income as in Blundell, Chen and Kristensen (2007). Lastly, to obtain
a proper mapping between arbitrary units in the model and data variables in 2010-$
units, I scale all data variables with the average dirty goods expenditure, D"8.1>

Table 3.2 shows estimation results for the baseline specification (1) and various ro-

bustness exercises (2)-(4). Column (2) omits the region dummies in the control vector.

15When presenting this chapter at a conference, Alkis Blanz brought to my attention that Blanz and
Kalkuhl (2022); Blanz, Eydam, Heinemann, Kalkuhl and Moretti (2023) also calibrate their model starting
from such a dirty allocation rule under Stone-Geary preferences.
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Table 3.3: Targeted moments and estimated parameters

Moment ‘ Estimated Parameters Description
Wealth-to-income ratio - 10" percentile a Borrowing limit
Wealth-to-income ratio - Median B Discount factor
Expenditure regression (IV), 4 n Clean good elasticity
Expenditure regression (IV), &y d Subsistence level
Average hours worked X Disutility of labor

Note. This table shows targeted moments an estimated parameters using indirect inference.

Column (3) additionally controls for liquid assets. Column (4) uses an alternative mea-
sure for consumption as the (instrumented) regressor. In all specifications, the first
stage F-statistic is well above 10.'°

To interpret the coefficients, let us look at column (1). The coefficient on total expen-
diture is equal to 0.0646. According to Equation (3.10), this coefficient identifies 1 — 7,
which suggests an 1 of 0.9354. Second, J, identifies UWPDL% = 11%. This constant as

well as 6; will be targeted in estimation.

3.3.4 Estimation with indirect inference

The remaining structural parameters {7, d, x,a, B} of the model will be jointly esti-
mated using indirect inference in a just identified system (same number of targets as

unknown parameters) as shown in Table 3.3.

Objective function Denote the parameter vector by ® = (7,4, x, a, B) and the vector

of moments (as a function of the parameters) by M = (50(6), 01(©), v 50(@), v 10(@),N(®)) :
Then define the vector of percentage deviations as
D= (M - ﬂ) oM, (3.17)

16 This rule of thumb is valid as I only consider one endogenous regressor and one instrument (Stock
and Yogo, 2005).
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where M denotes the data counterpart of the respective moment conditions, and ©

denotes element-wise division. The objective function is then
©* = argmin D'WD, (3.18)
(C)

where W is a positive definite weighting matrix. I use the identity matrix as weighting
matrix.

Given a parameter vector, I solve the model in partial equilibrium, where the tax
parameter T, is adjusted such that the government budget constraint holds. With a PE
solution in hand, I construct the model-implied moments and use them in the objective
function.

The objective function is minimized using a multistart global optimization algo-
rithm ("TikTak"). For local minimization routines in this algorithm, I use the derivative-
free BOBYQA routine from starting points that are determined using the Sobol se-
quence in a pre-testing phase (Guvenen, 2011; Arnoud, Guvenen and Kleineberg, 2019).

See Section 3.C for details.

3.3.5 Estimation results

Parameter estimates

Table 3.4 shows the estimation results. I construct asymptotic standard errors using
a non-parametric panel bootstrap with 200 repetitions (Section 3.C).

Regarding the utility parameters, I estimate 77 = 0.9354 and d = 0.016. Both param-
eters are precisely estimated and both coefficients of the auxiliary regression are close
to their respective model counterpart. 7 is comparable with values in the literature,
whereas d is relatively larger (Fried et al., 2018).17

Average hours worked, as a fraction of agents’ time endowment, is pinned down

well by the disutility of labor x, which is estimated to equal 0.4651. Again, this param-

17 Different calibrations, of course, give rise to different subsistence levels of dirty goods consumption.
Hence, when comparing d to the literature, I compute expenditure on subsistence consumption, p;d.
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Table 3.4: Estimation results

Parameter estimates

d 1 X B a
0.016 0.9354 0.4651 0.8614 ~0.2233
(0.0045) (0.0165) (0.0272) (0.0008) (0.0206)

Auxiliary model and other moments

b0 o1 N a 4
Y150 Yo
Data 0.3571 0.0646 0.3627 1.0551 —0.2527
Model 0.3571 0.0646 0.3626 1.0562 —0.2530

Note. Asymptotic standard errors in parentheses are computed using a non-parametric panel bootstrap
with 200 repetitions; see Section 3.C for details.

eter is estimated precisely.

Given an intertemporal substitution elasticity of 1/ = 1/2, the discount factor j
is relatively high reflecting the 5-year time period of the model. The borrowing limit
is a = —0.2233, which amounts to 33% of average gross income that can be borrowed
every period. The model matches the two targeted moments of the wealth-to-income

distribution well.

Identification

As common in these type of models, I have no proof of global identification of my
parameters. However, I want to mention two points that indicate proper identification
of the five parameters. First, [ assess how different model-implied moments are affected
when I change two of the five parameters and fix the remaining three at their best fit
value. Figure 3.3 shows the results of this exercise and plots of moments implied by
the structural model from their data counterparts when varying the parameters on the
axes; lighter areas depict smaller deviations.

Contour plots indicate that the utility parameters are identified in two steps, as in-
dicated by the decision rule in the static model. The relative preference parameter is

identified by the model-implied estimate for ;. Conditional on this value, Jy identifies
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Figure 3.3: Illustrating the identification of 4 and 7
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Note. Absolute deviation of moments implied by the structural model from their data counterparts
when parameters on the respective axis are varying. Other parameters are fixed at their estimated value.
Darker regions indicate higher deviation.

the subsistence parameter of consumption. Similar arguments hold for the identifica-
tion of the discount factor and the borrowing limit.

Second, after searching a grid of potential values in my optimization algorithm I
choose the best 10% and start a local search step from these points. This search proce-

dure converges to the same best fit values for various starting points.!®

3.4 Quantitative exercise

In this section, I use the estimated model as laboratory to answer the main ques-
tion of this chapter. To what extent do idiosyncratic risk and precautionary savings
matter for the welfare-maximizing carbon tax? To this end, I first specify a social wel-
fare function as the objective for the government (social planner). Next, I look for the
welfare-maximizing carbon tax in general equilibrium, when the lump-sum transfer
is adjusted to clear the government budget constraint, and other tax instruments are
kept fixed. That is, the government collects carbon taxes and reimburses revenues via

transfers. I then compare the level of this tax to various changes in the economic envi-

18 By construction, the algorithm with every new local search puts more weight on the current local
minimum when setting the new starting value. However, it also converges to the same values for early
starting values.
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ronment. Lastly, I repeat the main exercise if the government is also allowed to adjust
the average labor income tax as well.

From now on, the economy is in general equilibrium (GE). In particular, I use the
estimated and calibrated parameters, but let prices adjust to clear markets. Moreover,
in the initial steady state without taxes, I back out the carbon cycle and damage function
parameters as explained above. When optimizing over the carbon tax, the technology
parameter X is fixed, hence, any change in total factor productivity X is due to changes

in climate damages.

Social welfare function I assume that the social planner is utilitarian and maximizes

social welfare defined over households’ value functions in stationary equilibrium:

swz/ Vien(a,0) dA ). 3.19
axoy V0 (@0 A ) (3.19)

In this specification, every household gets the same welfare weight. However, due
to concavity in the utility function, the government has an implicit preference for redis-
tribution, as the marginal utility of poorer households is higher than that of the rich.

The planner chooses 7; to maximize Equation (3.19) while setting ¢ to balance the
government budget. Hence, the subscript (7;) stresses that the value function and
invariant distribution are associated with this particular carbon tax. In another exercise,
I also allow the government to adjust both the carbon tax and the average labor income

tax 19 as well as 74, Tp and labor income tax progressivity 7.

3.4.1 Welfare-maximizing carbon taxes

Optimal carbon tax The optimal carbon tax equals 7; = 1.096, about 42% of the en-
ergy price, and a clean energy share of = 0.357. Taking into account the pass-through

parameter w, this translates into a carbon price of about 141$ per ton of CO,."?

1
19 The first-order condition of the energy firm implies = ((74(1 — w))/(c1c2))2 1. Using the defini-
tion of the backstop price and its implied value of 550$ per ton of CO;, I compute the implied $/ton-CO,
price as (550/(1 — w))u2 1.
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Table 3.5: Changes in aggregate variables with optimal carbon tax

Variables Percent change
Clean consumption, C 3.00
Dirty consumption, D -16.82
Hours worked, N -1.34
Assets, A -2.12
Labor, L -1.08
Capital, K -2.57
Energy, E -16.87
Output, Y 1.72
Wage, w 0.64
Interest rate, r 1.87
Transfers, g 41.54
Emissions, S -46.54

Note. This table compares the changes in aggregate variables of the benchmark GE economy with and
without the (optimized) carbon tax.

Changes in aggregates and inequality Before discussing the impact of idiosyncratic
risk and precautionary savings, it is instructive to first understand how the carbon tax
affects aggregates, inequality statistics, and welfare in this economy. Thus, I compare
the GE economy under no carbon tax with the GE economy under 7;. Table 3.5 shows
the results, where changes are displayed in percent between the two economies.

We see that households substitute away from dirty goods and increase their con-
sumption in clean goods. Total dirty consumption decreases by 16.82% as the dirty
good becomes more expensive. Moreover, average hours worked decrease. Note, how-
ever, that labor supply in efficiency units decreases by less, which suggests that labor
supply shifts from less to more productive households. In fact, all three production
inputs decrease. Nevertheless, overall output increases, because changes on the input
side are dwarfed by reductions in emissions and thus environmental damages. Both
interest rates and wages increase due to lower environmental damages which increase
the marginal products of capital and labor, respectively.

Table 3.6 shows the results for household inequality statistics. In this case, I com-

pare Gini coefficients for the different consumption goods and labor incomes before
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and after introducing the carbon tax. With respect to assets, which can attain negative
values, I compare percentile differences. We see four sets of results. First, irrespective
of the carbon tax, the gini on dirty goods consumption is smaller than the one on clean
goods consumption. Intuitively, the subsistence level compresses the dirty consump-
tion distribution from below.

Second, the gini coefficient with the carbon tax is smaller for both the clean and
dirty consumption than under no carbon tax, albeit for the clean good only slightly. A
higher carbon tax increases the price of the dirty good, hence, households substitute
away from dirty to clean. However, since the elasticity of substitution between the two
goods is increasing in cash-on-hand due to the subsistence level (Baumgirtner et al.,
2017), richer households decrease their dirty goods consumption by more and the dirty
goods distribution gets compressed from above.

Third, gross labor income increases, whereas net labor income decreases. Inequality
in hours worked decreases slightly, but higher wages increase inequality in gross labor
income as work shifts to richer households. Net labor income, on the other hand, takes
into account progressive taxation and lump-sum transfers. Redistributing carbon tax
revenue as lump-sum transfers, then, decreases net labor income inequality.

Fourth, asset inequality decreases. Instead of looking at gini coefficients I compute
differences in the 5th and 50th percentiles that capture movements in the left part of
the distribution as well as in the 50th and 95th percentiles that capture the right part
of the distribution. Overall, the asset distribution shifts to the left with a higher share
of agents at the borrowing constraint. The left part of the distribution moves by more

than the right, as the P50-P5 distance decreases and the P95-P50 distance increases.

Welfare To understand where the welfare gains are coming from in the optimal car-
bon tax economy, I compute consumption equivalent variations (CEV). The CEV is the
change in the consumption composite that makes an agent indifferent from switching

from the pre-tax stationary equilibrium consumption-labor allocation to the one ob-
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Table 3.6: Inequality statistics

Gini coefficient

Dirty Clean Gross labor Net labor
consumption consumption income income
Initial calibration 0.111 0.182 0.533 0.294
Optimal 7, 0.095 0.178 0.550 0.280
Percentile difference in assets
P50-P5 P95-P50
Initial calibration 0.685 2.767
Optimal 74 0.662 2.771

Note. This upper panel shows the gini coefficient for dirty and clean consumption, gross and net labor
income for the initial calibration and after introducing the optimal carbon tax. The lower panel shows
differences in percentiles in asset holdings for the initial calibration and after introducing the optimal
carbon tax.

tained under the optimal carbon tax. In particular, the CEV solves

Eo Y pla(é.,ni) =Eo Y Ba((1+ CEV)é, ng),
t=0 t=0
where the ¢ refers to the consumption composite ¢ = ¢ (d — d)!~". Denote the infinitely
discounted sum of utilities as W such that the left-hand side is W(¢,, n.). Moreover,
note that due to separability of the preferences, we can write W(¢,, n.) = W(Zx) +

W (n,). Then, the CEV is given by

— (W(E*,n*) . W(n0)>1—v L

Moreover, following Conesa et al. (2009), it is possible to split the contributions to the
CEV which are stemming from changes in the consumption composite and changes in
labor supply. The contribution of the change in consumption (or labor supply) can then
further decomposed into a level effect and a distributional effect. The details of these
decompositions are in Section 3.D.4.

Overall, the new stationary equilibrium features higher aggregate welfare, equiva-

lent to an increase in the consumption composite of 2.63%. Table 3.7 shows that this
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Table 3.7: Welfare gains from carbon taxation

Total CEV: 2.63

Consumption Leisure
Total Level Distribution Total Level Distribution
1.48 0.69 0.78 1.13 0.93 0.21

Note. This table shows the welfare gains stemming from optimal carbon taxation expressed as consump-
tion equivalent variation (CEV). The CEV is further decomposed in a component stemming from the
change in consumption and labor supply (leisure), respectively. Each of these components can be further
splitted in a level and a distributional effect.

increase stems virtually from all components of the CEV decomposition. The biggest
contributor is the reduction in average labor supply, however, both the level effect and

the distributional effect of consumption are quantitatively relevant.

The role of idiosyncratic risk To analyze the role of idiosyncratic risk and precau-
tionary savings, I create a mean-preserving contraction/spread in the variance of the
persistent part of the labor productivity of agents. In particular, I scale the variance of
the persistent shock by a factor ¢ and re-normalize the mean productivity to one. Thus,
@ > 1represents an increase in the variance and so more risk. Moreover, I also compare
different recalibrations: A comparative statics (CS) exercise in which all parameters are
as in the benchmark, an exercise in which I adjust x and B to match average hours
worked and the capital-to-income ratio, respectively, as in the benchmark GE economy
without the tax, and intermediate steps thereof.

The idea behind this exercise is that an increase in labor productivity risk increases
the precautionary motive of households. Future labor productivity is more risky, hence,
they respond by saving more or working more.

Figure 3.4 shows the results. I display the %-deviation to the benchmark carbon tax
(¢ = 1) under four different recalibrations and different levels of ¢. Three things stand
out. First, irrespective of recalibrating the model, an increase in idiosyncratic risk and
precautionary savings increases the optimal carbon tax compared to the benchmark.

Second, the change in the carbon tax due to re-scaling labor productivity risk is

fairly symmetric. For instance, the optimal carbon tax under CS decreases by approx-
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Figure 3.4: Optimal carbon tax for different levels of idiosyncratic productivity risk relative to
benchmark

%-Deviation of T, relative to benchmark

— CS === Match § ----- Match N —-= Match % & N

Note. This figure shows the percentage change of the optimal carbon tax relative to the benchmark
for different levels of idiosyncratic risk, which is scaled with the factor ¢. The different curves depict
different choices regarding recalibration of the economy prior to optimizing the carbon tax: The blue
solid curve is a comparative statics (CS) exercise that keeps all parameters as in benchmark and the
purple dashed-dotted line matches both average hours worked, N, as well as the capital-to-output ratio,
K /Y. Other curves show the intermediate cases.

imately 6% when the variance of the persistent shock is reduced by 25% and increases
by approximately 6% when the variance is raised by 25%.

Third, while matching average hours worked only slightly increases the change in
the optimal carbon tax, compared to a CS exercise, matching the capital-to-output ratio
decreases the impact of a change in labor productivity risk by about 1.2 percentage

points. When matching both, an increase of the persistent shock variance by 25% raises

the carbon tax by about 3.8%.

Contributors to the carbon tax In order to better understand what components gives
rise to a non-zero carbon tax in this economy and to the positive relationship between
the degree of labor productivity risk and the optimal carbon tax, I now conduct several
exercises that change various features of the model. First, I introduce a skill-specific

incidence rule, (), for lump-sum transfers. In the benchmark economy, every house-
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Table 3.8: Optimal carbon taxes under different model specifications

Benchmark: 1.096

Transfer No damages No subsistence No damages
incidence level and no
subsistence
level
Comparative statics 0.574 0.066 1.099 0.067
Match K/Y & N 0.518 0.067 1.164 0.092

Note. This table compares the optimal carbon tax under different model specifications. The first column
implements the optimal carbon tax under a proportional skill-specific transfer rule instead of lump-sum
transfers. The second column removes economic damages. The third column removes the subsistence
level. The fourth column computes the optimal carbon tax under no subsistence level and no economic
damages.

holds gets the same level of transfers; ¢ is non-individualized. With an incidence rule, I
make the transfer proportional to a household’s labor productivity type. In particular,

the functional form for the rule is

i 0
g(e) B ZS esf(es)/

and the budget constraint is now specified as
c+pd+a < (14+r(1—1))a+ T (wbn) + g3(6).

A proportional incidence rule reduces the progressivity of the carbon tax-transfer com-
bination. Moreover, and specific to the economy at hand, it also reduces the insur-
ance and redistributive capabilities the government provides to households. When a
negative labor productivity shock occurs for a household, the transfer received is also
smaller than previous period.

The first column of Table 3.8 shows the optimal carbon taxes under this incidence
rule. Compared to the benchmark economy the optimal carbon tax is approximately
halved. Forgoing a uniform distribution of transfers increases the carbon tax burden
on poorer households, who now receive lower transfers while still spending relatively

more for dirty goods.
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The last three columns compute the optimal carbon tax under no damages, no sub-
sistence level, and both, respectively. Note that I do not apply the incidence rule any-
more. Under no damages, I set { = 0. The optimal carbon tax is then around 0.066,
considerably lower than in the benchmark case. In this setup, a carbon tax increases
the price of the dirty good and its revenues can be redistributed, but it does not pro-
vide indirect economic benefits by increasing total factor productivity through lower
climate damages. The carbon tax has been reduced to a pure consumption tax on the
dirty good.

Under no subsistence level, I set d = 0. In this case, the optimal carbon tax is slightly
higher compared to the benchmark. The presence of subsistence needs makes the car-
bon tax, in and of itself, regressive. Hence, poorer households are affected relatively
more by the tax. As such, removing the subsistence level gives room for the govern-
ment to set higher carbon taxes. From a quantitative point of view, however, the change

in carbon taxes is small.

Equity vs efficiency The utilitarian welfare criterion used so far conflates redistribu-
tive and efficiency/insurance concerns of the planner. Even in an economy without
idiosyncratic labor productivity shocks, redistributing from rich to poor increases wel-
fare due to the concavity of the utility function (Bénabou, 2002). Hence, to isolate equity
and efficiency considerations, I follow Bénabou (2002) and Bakis, Kaymak and Poschke
(2015) and construct a different welfare measure which aggregates certainty-equivalent
levels of consumption and hours worked, instead of utility levels. To be precise, the

efficient welfare is constructed as follows:

SWESS — ﬁ </ c=(a,e)az/\)1_7 o (/(1 - ﬁ(a,@))dA)l_e,

where ¢ and 7 denote certainty-equivalent levels of the consumption-composite and
hours-worked, respectively. The certainty-equivalent level of the consumption-composite

solves the equation
~ 1—vy = 1—vy
]EZ,BtC(a'e) _ 1 &a6) T
- 1—v 1-8 1—v

7
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Table 3.9: Optimal carbon taxes under the efficient welfare criterion

Utilitarian welfare Efficient welfare Efficient welfare & No damages

1.096 1.036 0.0047

Note. This table compares the optimal carbon tax under the utilitarian welfare criterion and an efficient
welfare criterion inspired by Bénabou (2002) (middle column). The last column, in addition, removes
economic damages.

similarly for hours worked.

Table 3.9 shows the optimal carbon tax under this new welfare criterion and com-
pares it to the utilitarian benchmark. The carbon tax under the efficient welfare crite-
rion is about 6% lower than under the utilitarian welfare criterion. This suggests that
equity concerns have a positive impact on the carbon tax. As discussed above, this is
due to the lump-sum redistribution of transfers, without which the carbon tax would
be regressive in the presence of a subsistence level.

To further understand the contribution of efficiency considerations, the last column
then shows the optimal carbon tax under the efficient welfare criterion when there are
no damages (¢ = 0); in this case, the model has been recalibrated to match average
hours worked and the capital-to-output ratio. The resulting optimal carbon tax is very
small with an optimized value of 0.005. Comparing this to the no-damage value from
Table 3.8 suggests that redistribution due to equality concerns is considerably larger
than for efficiency concerns.

Lastly, note that while Table 3.5 suggests that labor supply shifts from low produc-
tive to high productive households and thereby increasing efficiency, when looking at
average labor productivity this effect seems to be quite small. Average labor produc-
tivity in the economy, L/ N, changes from 1.012 in the initial calibration to 1.015 in the

economy under optimal carbon taxes (Table 3.D.4).

Taking stock The optimal level of the carbon tax seems to be driven by the size of cli-
mate damages, but also inequality and insurance concerns of the government. House-
holds, especially income-poor ones, benefit from higher lump-sum transfers in form of

recycled carbon tax revenue as well as higher wages and interest rates due to lower
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climate damages. Both direct and indirect components contribute to more welfare in a
high-risk environment, yielding a positive relation between carbon taxes and uninsur-

able idiosyncratic risk and precautionary savings.

3.4.2 Adjusting labor income taxes

The exercises conducted so far are essentially third-best policy exercises. I keep
labor income and capital income taxes fixed and only adjust carbon taxes. While this
is of major practical relevance, as governments do not always adjust other taxes when
implementing corrective carbon taxation, it is unsatisfactory from an economic theory
perspective. Changing the carbon tax in this economy means that it not only adjusts
to internalize the climate externality, but it also raises revenue for redistribution and
insurance. When the government has more instruments at its disposal, however, there
are more suitable ways to achieve the latter.

In the following, I thus allow the government to adjust the average labor tax param-
eter Ty, in addition to 7;, to maximize welfare in the stationary equilibrium. Recall that
even a flat tax with a non-zero lump-sum transfer constitutes a progressive tax system,
because average tax rates increase with income. Since the government in the present
model does have access to non-zero lump-sum transfers, increasing the average labor
income parameter enables the government to create a more progressive tax system.

Figure 3.5 shows the results. The left panel shows the optimal carbon tax for dif-
ferent labor productivity risk for both utilitarian and efficient welfare. The right panel
shows the corresponding average labor tax parameter. The results suggest that the in-
come tax does take over redistributive and insurance purposes that fell on the carbon
tax before. First, the carbon tax is lower and the average labor income tax parame-
ter is higher than under the benchmark steady state calibration. Second, the effect of
idiosyncratic risk and the precautionary motive is now reversed! The carbon tax is de-
creasing in the scale parameter ¢, whereas the average income tax parameter is increas-
ing. These changes also hold when using the efficient welfare criterion. Intuitively, in

a high-risk environment, higher carbon taxes hurt agents relatively more, because the
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Figure 3.5: Optimal carbon taxes and optimal (average) labor income taxes
0.675
0.88 1
0.650
0.87 1
0.625
=086 S~ o
= ~ = 0.600
0851 .~ 0575 -
0.84 1 0.550 -
\\
0.83 - | | | 0.525 - : : :
0.8 1.0 1.2 0.8 1.0 1.2
4 4

— Utilitarian welfare

— == Efficient welfare

Note. This figure shows optimal carbon taxes and optimal average labor income taxes for different levels
of idiosyncratic risk, scaled by the factor ¢, if both taxes are allowed to be adjusted by the social planner.
The solid line depicts results under utilitarian welfare. The dashed line depicts results under efficient

welfare.
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marginal benefits of redistribution and insurance are lower due to a better structure of
the labor income tax system.

Indeed, Table 3.D.3 shows that inequality in all components is lower when, in ad-
dition to carbon taxes, average labor income taxes also get optimized. The key redis-
tribution channel are the lump-sum transfers, which are now 125% higher compared
to the initial equilibrium (Table 3.D.2). Moreover, the main welfare gains stem from a
lower level of average hours worked. The CEV contribution of consumption is slightly
negative, where the negative level effect of consumption slightly surpasses the distri-
butional effect (Table 3.D.5).

As a robustness exercise, I also let the government optimize over 7; and 1) as well
as T1; the government can also affect the tax-rate progression in the tax schedule. Fig-
ure 3.D.1 shows that carbon taxes and average labor income taxes are still decreasing
and increasing in the degree of idiosyncratic risk, respectively. Interestingly, the tax-
rate progression drops from 0.768 in the initial calibration to 0.207 in the optimized
economy and is decreasing in idiosyncratic risk. The main difference in this optimiza-
tion exercise is that the effect of 71 mainly stems from improvements in efficiency. There
is a strong increase in average labor productivity, and welfare gains are largest due to a
level decrease in average hours worked. At the same time, inequality in consumption

and net labor income increases.

3.5 Conclusion

In this chapter, I studied the optimal carbon tax in a climate-economy model with
idiosyncratic risk and borrowing constraints in general equilibrium. I first calibrated
and estimated the model on U.S. household panel data. In a next step, [ used the model
as a laboratory and optimize over the carbon tax in a general equilibrium steady state
under an utilitarian welfare criterion.

To analyze the role of idiosyncratic risk and precautionary savings, I create a mean-

preserving contraction/spread in the variance of the persistent part of the labor pro-
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ductivity of agents. I find that the optimal carbon tax is increasing in the desire for
precautionary savings. When recycling the revenue lump-sum, the optimal carbon tax
carbon tax also functions as a means of redistribution and serves as an insurance de-
vice for the uninsurable idiosyncratic productivity shocks through i) transfers and ii)
increasing wages and interest rates due to lower climate damages on production and
thus higher factor productivity. It is important to note, however, that this result de-
pends on the availability of tax instruments for the social planner.

Lastly, I find two more avenues of future research of interest. First, the novelty
in this chapter was the introduction of idiosyncratic risk. Another interesting direction
would be to study the distributional consequences of aggregate climate uncertainty. This
is in particular the case if there is heterogeneous incidence of pollution damages, for
instance, due to different abilities in adaptation.

Second, political support for carbon taxation or other forms of corrective pricing
has so far been weak.?’ This is also partly due to distributional concerns, as the yellow-
vest movements in France or Canada demonstrate (Douenne and Fabre, 2022). Thus,
an exploration of household heterogeneity in a political climate-economy would be

worthy of future research.
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Appendix

3.A Model - Details

3.A.1 Households

I repeat the recursive household problem for ease of exposition.

V(a,0) = max u(c,d,n) + BEeV (a',6)

cdn,a
subject to
c+ (pa+ (1 - waotg)d +a' < (1+7r(1—7))a+ won — TV (whn) +¢
T (wbn)
ad>a n>0

Defining r(1 — 7¢) = #and py + (1 — u)@74 = p,, the Bellman equation is

V(a,0) = max u(c,d, n) + pEgV (d,0') — ! (c + pgd +a' — (1 +7)a— T (won) — g)

c,dn,a
— 7 (g— a’) + 7°n,

where 7!, 72, 7 denote the Lagrange multipliers on the budget, borrowing, and non-

negativity constraint, respectively.

In the following, I use the common notation that w = u,. The first-order con-

ditions of the household are

[d]: ug = pyr

n]: u, = -7 T, (whn)wd —

[@]: PBEq[Va(d,0)] =r' —7°
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1

Substituting out the multiplier 7!, assuming an interior solution for labor (7* = 0),

and using the Envelope condition V,(a,0) = 7! (1 + 7) we get

UcPy = Uiy (3.A.20)
Uy = —u Ty (wbn)wo (3.A.21)
e > B(1+7)Eg [ug] (3.A.22)

Equation (3.A.20) is the intra-temporal first-order condition between the two con-
sumption goods. Re-arranging yields that in the optimum, the marginal rate of substi-
tution (MRS) between the clean and the dirty good, u./u;, equals the relative price of
the clean good in terms of the dirty good, 1/ ;. Note that the marginal rate of transfor-
mation (MRT) between the two goods is 1/p,, hence, a positive carbon tax distorts the
social optimal goods allocation.

Equation (3.A.21) is the intra-temporal first-order condition between clean consump-
tion and labor. Similar arguments regarding the MRS and MRT as above apply. One
could have stated the condition in terms of the dirty good. Again, a positive carbon tax
(in addition to the labor tax) distorts the labor supply decision of the household, as it
makes leisure cheaper relative to the dirty good.

Equation (3.A.22) is the inter-temporal first-order condition and is the familiar Euler
equation. When the borrowing constraint is not binding, 77> is zero and the equation
holds with equality. Here, the capital income tax drives a wedge between MRS (ﬁ”TCC/)

and MRT (1 +r).

3.A.2 Firms

Energy producer The energy producer maximizes profits by choosing capital, K3, la-
bor L,, and the fraction of abatement y under perfect competition using a constant

returns to scale technology. It takes prices (7, w, p;), pass-through opportunities @, as
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well as policy variables as given and obtains zero profits in equilibrium:

KmLaxy {dez(Kz, Lz) — (1 — }1)(1 — C’D)Tsz(Kz, L2) — (1’ + 5)K2 — sz — T("IJ)Fz(Kz, Lz)},
2,42,

where I already substituted in the technology constraint E = F,(Kj, Lp).

The first-order conditions are

pa— (=) - @)ty =¥()]hx, =1+
pa— (- -@)ty =Y )k, =w
(1 - @) =¥ (n)

Final good producer The final good firm maximizes its profits by choosing capital,
K, labor L, and energy EF under perfect competition using a constant returns to scale
technology. Hence, it takes prices (r, w, p;), policy variables as well as carbon-tax pass-
through of the energy producer as given and obtains zero profits in equilibrium:

I]?fé {F(K,E,L;X,S) — (r+6)Ky —wLy — (pg+ (1 — u)@oty)EP}

Moreover, the firm compensates households for depreciation, é.
The first-order condition of the firm implied by profit maximization - substituting

in the CES production function from the main text - are

pa+ (1 - poty = % = X (1= s)(KILI™) T +s(E) T |7 s(EP)
1
w = g—i =X [(1 —s)(KA L) T +s(EP)%] T
(1) (K{LI™) T (1 — a)K§L™
aFl a7 1—ay A1 p A1 ﬁ
r+(5:a—K1:X[(1—s)(K1L1 )T+ s(EP)T ] :

(1—s) (K1) 7 aK& 118

As usual, the prices of the inputs are equal to their marginal products.
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3.A.3 Goods market clearing

Aggregate the household budget constraint over household and impose asset mar-

ket clearing A = B + K in the steady-state:
C+ (pa+ (- p)@t)D + (B+K) = (1+ (1 —7)r)(B+K) +wL—/TydA+g.

Rewrite the government budget constraintas g — [ TYdA = t°r(K + B) + 15(1 — u)E —

rB?!, plug it in the aggregated household constraint above and collect terms:
C+ (pg+ (1 —p)oty)D = rK+wL + 14(1 — u)E.

Extend with 6K and (p; + (1 — u)@714)EF, recall that EP + D, K1 + Ko = K, L1 + L, = L,

and use Euler’s theorem to obtain:

C+ 6K =(r+06)Ky +wLy + (pg + (1 — u)@ty)EP

N J/
-

Y
+74(1 — p)E — (pg + (1 — p)@74)(EP + D) + (r + 6)Ka + wLs

Finally, use the first-order conditions of the energy producer and again use Euler’s

theorem to write

CHOK=Y+[ps— (1 —uwt(1—-@) —¥(1)|(FRx, K2 + Fp1,L2)
E
+ 11— p)E—(pa+ (1 —p)oty)E
C+OK+Y¥Y(H)E=Y+

[pa — (1= w)T(1 = @)]E+14(1 — w)E — (pa + (1 — p)@1y)E

(. J/
-~

0

C+6K+¥Y(WE=Y

21 To be precise, the government receives carbon tax revenue from the household, 74(1 — #)@D, from
the final goods firm, 7;(1 — #)@EP, and from the energy producer 7;(1 — 1)(1 — @)E. These three terms
sum up to 7;(1 — u)E.
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Hence, the final good can be used for consumption, investment, and abatement.??

3.B Calibration - Details

3.B.1 Macroeconomic variables

Capital-output-ratio (K/Y) Current-Cost Net Stock of Fixed Assets (2014) in current
dollars divided by Gross Domestic Product (2014) in current dollars; both series from

the FRED database with series tags KITTOTL1ES000 and GDPA, respectively.

Bond-output-ratio (B/Y) Federal Debt Held by the Public (2014) in current dollars
divided by Gross Domestic Product (2014) in current dollars; both series from the FRED
database with series tags FYGFDPUN and GDPA, respectively.

3.B.2 Estimation of the productivity process

In the following, I explain how I estimate the labor productivity process which I use
in my quantitative model.? I follow Flodén and Lindé (2001) and measure productivity
as agent’s "hourly [pre-tax] wage rate relative to all other agents" (p. 416). The data is
taken from the PSID and refers to labor income as described in the main text. The
productivity process is estimated on yearly data. To avoid notational clutter, I denote
yearly time-steps by T, compared with a model period (5 years) denoted by ¢.

As my productivity process, I take the following standard persistent-transitory spec-

ification for log wages at year T

log 0ir = f(Xi, B) + Kiz + $ix + Vir (3.B.23)
Kiv = PKir—1 + €}, (3.B.24)

where f(X;, ) denotes a set of individual-specific controls, x;; is an AR(1) process

22 The second term on the left-hand-side equals investment I, since in the steady-state the law of motion
of capital Ky11 = (1 — §)K; + I; collapses to 6K = 1.

23 The exposition here follows the one in Straub (2019) who uses a similar strategy to estimate a process
for log income and from whose description I learned a lot.
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with persistence p and innovation-variance 0%, i;; is a transitory component with vari-
ance 03, and v;; is measurement error.

Given the short time horizon when estimating the productivity process, instead of
estimating the household fixed effect directly, I model the permanent component by
controlling for individual-specific characteristics, X;.

Moreover, the measurement error term cannot be identified from the transitory
term. Hence, I follow the literature and set the variance of the measurement error term
to 0.02 (French, 2004; Heathcote et al., 2010; Straub, 2019).

The estimation then proceeds along the following steps. First, I residualize log

wages using
log 6 = log bir — f(Xi, B).

Second, I compute empirical variances and covariances from these residuals and stack
them in the vector 9t. The theoretical variances and covariances, on the other hand,

can be computed using

Ok
var(log0;r) = 7 _gpz + ‘71%; + 07
O
cov(log0;r,1og0ir_1) = p 1_—8102

I denote the stacked theoretical (co)variances by (p, %, ¢;;). This formulation stresses
that m is a function of the parameters that we seek to estimate.

Lastly, I apply a minimum distance estimation (MDE) to minimize the weighted
distance,

U(p, o2, (Ti,) — 90t — i, between theoretical and empirical moments /covariances:

min_ 4(p, o, 0) W U(p, 05, 05)

.05

As is standard in this procedure, I use the identity matrix as weighting matrix 20 which
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Table 3.B.10: Estimated parameters - Productivity process

2 2
Y g o

09327  0.0426  0.0507
(0.0092) (0.0060) (0.0049)

Note. This table shows the estimated parameters of the productivity process. Standard errors are boot-
strapped using a non-parametric block bootstrap at the household level with 500 iterations.

was shown to be more robust to small sample bias (Altonji and Segal, 1996).
Table 3.B.10 shows the result of the MDE. Standard errors are obtained by using a

non-parametric block bootstrap (Cameron and Trivdei, 2005, p.362/p.377).

5-year time period To translate these values that were estimated on annual data to
their 5-year model counterparts, I proceed in two steps: First, I iterate the persistent

component backward such that

4
Kir = 0 Kir—5+ y_ 0% . (3.B.25)
s=0

ZK
Eir

I can compute the variance of &;_ given the annual estimate:

4 4
o = var(85) = Y p@var(ef,_,) = Y p*o (3.B.26)
s=0 5=0

This gives 0 = 0.7058 and 0% = 0.1647.

Second, I set 02 = 0'1%. The approach I take here yields similar results as the one pro-

¥
posed by Krueger, Mitman and Perri (2016), who convert annual to quarterly estimates.

They also take § = p° and (71% = 0. However, they then choose & such that

1—p2 1-—p2

(3.B.27)

This would give 04 = 0.1643.
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3.C Estimation - Details

Pre-testing and local step The estimation procedure follows the TikTak algorithm in
Arnoud et al. (2019). The goal is to find the parameter vector which minimizes the
objective function from the main text.

In the pre-test step, I first draw N = 1000 quasirandom Sobol starting points in the
five dimensional parameter space. Thereby, I specify bounds for all parameters and
later make sure that the algorithm finds an interior solution is not constrained by these
choices. For each of these starting points I solve the partial equilibrium economy, simu-
late an artificial panel and construct the moment conditions and evaluate the objective
function.

In the next step, the local step, I pick the ten (= 0.01N) points which gave rise to
the lowest objective value from the pre-test step. From each of these points, I use the
BOBYQA algorithm by Powell (2009) to find a local minimum. The algorithm termi-
nates if either the absolute or the fractional tolerance on the parameter vector is smaller
than 1e~>. The global minimum is then the parameter vector which attains the lowest

value of all these ten runs. In my application, the final objective value is 1.97¢7.

Simulation of the artifical panel I simulate an artificial panel with 25000 agents and
250 time periods. All agents start with zero assets. I then simulate the economy for-
ward using the stationary policy functions and a simulated Markov chain of the labor
productivity process. To construct the simulated moments and to run the IV regres-
sions from the main text, I only use the last 5 time periods of the simulated panel to
limit dependence on initial conditions. Moreover, the idiosyncratic shocks are always

drawn using the same seed to ensure comparability between runs.

Standard errors Gourieroux et al. (1993) show that show that under no observable ex-

ogenous variables that enter the moments, the asymptotic variance-covariance matrix
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is

W cov(MB) W

00 00 00

oM T amr ] ameT
20 | 90 20

* x T * -1
oM [aM W aM]

1
— 1 _
CO\V—( +B>

where B denotes the number of bootstrap repetitions, M* = M (®*) and cov(M?) is
the covariance matrix of the bootstrapped moments.

In particular, I have 5770 unique households in my sample. I draw B = 200 random
samples, with replacement, of these households to construct cov(M?B) from the data.
The draws are panel draws (block draws), that is, when I draw a specific household, I
keep all household-year observations.

The gradient % is a Jacobian, where the elements give partial derivatives from the

structural parameters to the model moments:

COM;  OME  OM; IM; M
o od ox B da
OM; OM§ OM§ OM5 oM
on od ox B Ja
oM™ lom: am; oMp oM M3
00 | 9y od ox 9B oa
OM; oM M5 OM; oM
o od ox 9B da
OME M oMY OMi OM:
L dy od  dx  Ip oa

The partial derivatives are approximated with a numerical two-sided difference.
Finally, the weighting matrix W is an identity matrix. The standard errors are then on

the diagonal of COV.

Identification II Figure 3.C.6 shows another set of numerical identification plots con-
cerning the two moments of the wealth-to-income distribution. In panel (a), we see that
the borrowing limit identifies the 10th percentile of the wealth-to-income distribution.
Importantly, this results holds for a given value of §, as otherwise, the discount factor
would also affect this particular moment. However, in panel (b), we see that 8 is pinned
down by the median wealth-to-income ratio, even for different values of the borrowing

limit.
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Figure 3.C.6: Illustrating the identification of 2 and p

(a) Wealth-to-income ratio, 10t (b) Wealth-to-income ratio, Median
095 r 7 0.870 f —_—
094r . 0,865 F
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borrowing limit a borrowing limit a

Note. Absolute deviation of moments implied by the structural model from their data counterparts

when parameters on the respective axis are varying. Other parameters are fixed at their estimated value.
Darker regions indicate higher deviation.
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3.D Additional tables & figures

3.D.1 Descriptive statistics

Table 3.D.1: Summary statistics

Variable Mean Std. dew. Median
Demographics
Age 41.52 10.12 41
Sex 0.821 0.383 1
Household size 2919 1.448 3
Number of children 0.990 1.203 1
Married 0.663 0.473 1
Education
Elementary or middle school 0.0721 0.259 0
Finished high school 0.244 0.430 0
Some college 0.281 0.449 0
Finished college 0.213 0.410 0
Postgrad. qualification 0.189 0.392 0
Region
Northeast 0.166 0.372 0
Midwest 0.302 0.459 0
South 0.337 0.473 0
West 0.195 0.397 0
Net income 32,080 19,127 28,132
Net labor income 41,119 29,023 34,637
Wealth 93,804 179,069 30,237
Nondurable consumption 14,919 7,714 13,119
Total consumption 17,136 9,502 14,798

Note. This table shows summary statistics regarding demographic and economic variables of the data

which is used in estimation.



3.D Additional tables & figures 115

3.D.2 Aggregate and distributional statistics compared to benchmark

Table Table 3.D.2 shows the change in aggregates for the quantitative exercises in
Section 3.4.2 where the government can also adjust averages labor income taxes by

changing Ty or, in addition, also adjust tax progressivity by changing .
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Table 3.D.2: Percent changes in aggregate variables for different optimizations compared to
initial calibration

Optimal t; Optimal 75, 9 Optimal 75, 0 & T

Clean consumption, C 3.00 -4.82 -4.89
Dirty consumption, D -16.82 -18.71 -18.78
Hours worked, N -1.34 -7.68 -11.03
Assets, A 212 -13.86 -13.91
Labor, L -1.08 -6.68 -7.27
Capital, K -2.57 -16.76 -16.84
Energy, E -16.87 -20.69 -20.80
Output, Y 1.72 -8.10 -8.52
Wage, w 0.64 -3.03 -2.83
Interest rate, r 1.87 39.17 37.37
Transfers, g 41.54 125.05 199.42
Emissions, S -46.54 -45.28 -45.08

Note. This table compares the changes in aggregate variables of the economy i) under the optimized
carbon tax ii) under optimized carbon taxes and average labor income taxes iii) under optimized carbon
taxes, average labor income taxes, and optimal tax progressivity with the economy under no carbon
taxes and income tax parameters as in the initial calibration.

Table 3.D.3: Inequality statistics

Gini coefficient

Dirty Clean Gross labor Net labor
consumption consumption income income
Initial calibration 0.111 0.182 0.533 0.294
Optimal 7y 0.095 0.178 0.550 0.280
Optimal 14, 1o 0.078 0.149 0.506 0.217
Optimal 7y, 70 & 71 0.081 0.155 0.565 0.234
Percentile difference in assets
P50-P5 P95-P50
Initial calibration 0.685 2.767
Optimal 74 0.662 2.771
Optimal 14, 19 0.640 2.298
Optimal 7y, 10 & 71 0.590 2.507

Note. This table compares the inequality statistics of the economy i) under the optimized carbon tax
ii) under optimized carbon taxes and average labor income taxes iii) under optimized carbon taxes,
optimized average labor income taxes, and optimal tax progressivity with the economy under no carbon
taxes and income tax parameters as in the initial calibration.
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Table 3.D.4: Labor productivity for different optimization exercises

Initial calibration Optimal 7; Optimal 75, v Optimal 75, 79 & 71
L/N 1.012 1.015 1.023 1.055

Note. This table shows the aggregate labor productivity of the economy for the initial calibration, the
economy i) under the initial calibration ii) under the optimized carbon tax iii) under optimized carbon
taxes and average labor income taxes and iv) under optimized carbon taxes, optimized average labor in-

come taxes, and optimal tax progressivity. Aggregate labor productivity is measured as the ratio between
[ n(a,0)8dA
[ n(a8)dA

total labor supply (in efficiency units) and total labor supply (hours worked):

3.D.3 Optimal labor income taxes II

Figure 3.D.1: Optimal carbon taxes and optimal labor income taxes for different degrees of
idiosyncratic risk

0.875 0.220 A

0.44
0.870 A

0.215 A

0.865 A

0.42
0.855 A 0.40
0.850 - 0.205 A
0.845 A 038 0.200 -

0.8 1.0 1.2 0.8 1.0 1.2 0.8 1.0 1.2
¢ 4 %
—— Utilitarian welfare

Note. This figure shows optimal carbon taxes, optimal average labor income taxes, and the optimal level
of progressivity for different levels of idiosyncratic risk, scaled by the factor ¢, if the taxes 75, 70, and 7
can be adjusted jointly by the social planner. The solid line depicts results under utilitarian welfare.

3.D.4 Consumption equivalent variations

Recall that CEV solves

o0

Eg i Blii(e,,n.) =B ) pra((1+4 CEV)éy, no).
t=0 t=0
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Similar to Conesa et al. (2009), we can define CEV- and CEVy that solve
Eg Z ‘Btﬁ<5*, 1’10) =E Z ,Btﬁ((l + CEVC)ﬁo,no)
=0 t=0

t=0 t=0

such that

1 1

)w and (1+CEVy) = (W(E*"ng)w(no))u.

W(e)
W (&)

(1+CEV) = <

It follows that (1 4+ CEV) = (14 CEV¢)(1 4+ CEVy) and approximately CEV =~
CEV¢ + CEVy. Moreover, following again Conesa et al. (2009), it is possible to split

CEVc into a level and a distributional component defined by

Eo Y Blii(ép,m0) = Eo ¥, Bi((1 + CEVcy)éo, no)
t=0 t=0

Eo ) Bli(¢.,ng) =Eo ) pa((1+ CEVep)éo, no),
=0 =0

where ¢y = %;50 is the consumption composite scaled by the ratio of aggregate con-

sumption composite in the respective stationary equilibria. One can then show that
1
g W ~* -y ~* —
CEVer = & —1and CEVep = (WE‘CiO;) " & —1such that (14 CEVe) = (1+
CEVcr)(1+ CEVep).

The split between CEVy and CEVyp is a different in that it is not a true decompo-

sition. I define CEV, similar to the consumption case

Eg Z ‘Btﬁ(f*,ﬁo) =Ep Z ﬁtﬁ((l + CEVNL)(?*, 1’10),
t=0 t=0



3.D Additional tables & figures 119

where 71 = % (1 —ng) effectively refers to scaling leisure in the utility function. Then

C SV ng) — n
S W)+ (ER)  Wno) - Wino)

and CEVyyp is defined residually such that (1 + CEVy) = (1 + CEVynr)(1 + CEVnpD).

Table 3.D.5: Consumption equivalent variation decomposition for different optimization exer-
cises

Optimal 7;& 19 - Total CEV: 5.66

Consumption Leisure
Total Level Distribution Total Level Distribution
—0.52 —6.24 6.11 6.20 4.98 1.15

Optimal 1y, 79 & 71 - Total CEV: 6.54

Consumption Leisure
Total Level Distribution Total Level Distribution
—1.15 —6.81 6.08 7.74 6.98 0.72

Note. This upper panel shows the welfare gains when both carbon taxes and average income taxes
are optimized, compared to the initial calibration. The lower panel shows the welfare gains when all
three carbon taxes, average income taxes, and tax progressivity are optimized, compared to the initial
calibration.
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3.E Computing the household’s optimal decision rules and
invariant distribution

I use a variant of the endogenous gridpoint method (EGM) to solve the household’s
decision problem. Compared to the basic version developed by Carroll (2006), my ver-
sion accommodates two goods and endogenous labor supply with possibly non-linear

taxation.

Grids I represent asset positions by discrete points on a exponentially-spaced grid
A C [a,a], where 7 is chosen large enough such that the upper bound is never bind-
ing. I discretize the productivty Markov process with a finite-state Markov chain using
Rouwenhorst (1995)’s method. The inputs for this method, such as the persistence pa-

rameter p, are obtained in Section 3.B.2.

Endogenous gridpoint method

Step 1 1 start with a guess of the clean consumption policy function defined on
the future asset and productivity grid, c¢(a’,6"). Using the intra-temporal first-order
condition between clean and dirty consumption, I can express the dirty consumption

policy function d(a’,6’) as a function of c(a’,0’):

da,0') = 1;—17c(a’,9’) +d

d. (3.E.28)
pan

Step 2 Hence, for each pair (4, 6) where the household is not constrained and the
Euler equation (EE) holds with equality, I can solve analytically for the value ¢(da’,0).2*
c(a’,0) is essentially on the left-hand side of the EE and represents the value of con-

sumption today, which is consistent with having 4’ assets tomorrow if the productivity

24 Of course, this step depends on the invertability of the utility function. Other functional forms for
the consumption composite might not make this feasible.
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shock today is 6:
uc(c(a’,0)) = B(1+7)Eg [uc(c(a’,0"))] (3.E.29)

Note that I write u. explicitly as a function of c only, as the utility is separable in con-
sumption and labor, and d is implied by Equation (3.E.28).
Step 3 With ¢(a’,6) in hand, I can solve for n(a’,0) using the intra-temporal FOC

between clean consumption and labor. In the following, I assume an interior solution:
—un(n(d',0)) = uc(c(a',0))Tn, (3.E.30)

where 7, denotes %ln—. Under linearity of 7, Equation (3.E.30) can also be solved analyt-
ically for n(a’,0). Otherwise, a root-finding step has to be implemented at every point
in the state space. In the benchmark case, I use a version of Brent’s method, modified
to take into account the corner solution if n(a’,0) = 0.

Step 4 I can then invert the budget constraint to solve for the value of assets today;,
a*(a’,0), which are consistent with the future assets (on grid) and the choices made

above.

a’ =7 le 5 (C(ﬂ’,f?) + (pa+14)d(a’,0) +a — T (wen(a’,e))>, (3.E31)

implying &(a*,0) = ¢(a’,0). Note that these a* are not on the grid (whence the name)
and change each iteration. To obtain a new guess for the clean consumption policy
function which is defined on the grid, I linearly interpolate on (a*,&(a*,0)) and apply
this mapping to the exogenous grid a’. Use the new guess as a starting point in Step 2

above.

I repeat the above iteration procedure until convergence between two successive
clean consumption policy functions is achieved: ||c"*! — ¢"'|| < 1077, where || - || de-

notes the supnorm and # is the iteration counter.
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Density discretization With the policy functions in hand, I discretize the invariant

density and iterate on it using Young (2010)’s lottery method.



Chapter 4

What is the shape of Environmental

Engel Curves? Evidence using Panel

Datal

Abstract

I combine multiple data sources to construct a novel panel dataset in which I observe
inter alia US households’ income, wealth, and expenditure and greenhouse gas (GHG)
consumption. With this dataset, I estimate households’ income elasticity with respect
to GHG along the income distribution. In other words, I estimate Environmental Engel
curves (EECs). Making use of the panel dimension of the data, in particular controlling
for time-invariant household specific effects, points to EECs that are flatter and more
linear, and reduces the estimated income elasticity for all levels of income compared to
cross-sectional estimates. Moreover, I show that these elasticities vary by consumption
category. The results imply an attenuated form of the equity-pollution dilemma and
suggest differentiated carbon taxes on consumption goods.

Keywords: Engel curves, greenhouse gas consumption, carbon taxation, environ-
mental economics

JEL codes: C23, D12, D31, Q50
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4.1 Introduction

Environmental Engel curves (EECs) describe how household consumption of emissions
or pollution (inherent in goods) varies with its income. Their shape has crucial welfare
implications: Jacobs and van der Ploeg (2019) show that , under mild conditions, the
optimal carbon tax is equal to the Pigouvian level as long as EECs are linear. This holds
true even when poorer households spend a larger fraction of their income emissions
or pollution and the government values redistribution On the other hand, if EECs are
non-linear, the optimal carbon tax needs to be adjusted and might be lower than the
Pigouvian level.

Existing approaches to estimate the shape of EECs based on household micro-data
rely on repeated cross-sections (Weber and Matthews, 2008; Levinson and O’Brien,
2019; Sager, 2019; Zhang, Shi, Wang, Xue, Song and Sun, 2020). In these studies, re-
searchers typically regress their environmental measure of interest such as greenhouse
house gas (GHG) or air pollution consumption on income as well as socioeconomic
characteristics. Since EECs are structural relationships between income and consump-
tion, keeping prices fixed, an implicit assumption in these regressions is that there is
no omitted variable problem. Otherwise, potential omitted variables, such as house-
hold preferences that are correlated with income and consumption, would nullify the
structural interpretation of the EECs and introduce bias.

This chapter constructs a novel panel dataset which allows the inclusion of house-
hold specific effects in the estimation regression and thus to control for time-invariant
household characteristics. The main goal is to preserve the structural interpretation of
the EEC and to reduce potential endogeneity issues in its estimation, which is not pos-
sible with pooled data or a repeated cross-section. For instance, recent studies find evi-
dence that a codependence between income and consumption preferences exist (Alan,
Browning and Ejrnaes, 2018; Arellano, Blundell, Bonhomme and Light, 2023). The panel
structure of the data, however, to the extent that these preferences do not change over

time, can take care of this unobserved omitted variable. Ultimately, the research ques-
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tion of this chapter is: What is the shape of Environmental Engel Curves?

I find that, when including household fixed effects to control for time-invariant un-
observed omitted variables, EECs are flatter and closer to linearity than standard OLS
estimates, which rely on cross-sectional data. Moreover, these estimates also imply that
the gap in the income elasticity of GHG consumption between poor and rich house-
holds is smaller. Overall, this suggests both that the optimal carbon tax is closer to
a Pigouvian tax and that progressive redistribution of income gives rise to a smaller

increase aggregate GHG consumption than previously considered.

Construction of the dataset(s) The key idea to construct this novel dataset is to cre-
ate a mapping between two US household surveys - the Consumer Expenditure Sur-
vey (CEX) and the Panel Study of Income Dynamics (PSID). While the idea to impute
consumption expenditures itself is not new, but has been used, among other things,
to study the pass-through of income to consumption inequality (Blundell, Pistaferri
and Preston, 2008), my chapter is the first to use it for greenhouse gas consumption to
get a better understanding of the shape of EECs. On a broad level, I implement two
data-linking steps. First, I create a CEX dataset that contains the GHG emitted when
producing the households’ consumption basket using the methodology of Levinson
and O’Brien (2019), Second, I compute GHG coefficients (GHG consumption per dol-
lar spent) on the household level and impute this measure to the PSID. Given that the
PSID has introduced a measure of consumption expenditure in 1999, I can then com-
pute household GHG consumption by multiplying the imputed GHG coefficient with
observed consumption.

The imputation methodology I use is multiple hot deck imputation as proposed
in Cranmer and Gill (2013). The idea is to compute a distance measure, called "affin-
ity score", between observable household demographic characteristics in the CEX the
PSID. For every observation in the PSID, the procedure chooses the observation in the
CEX with the highest affinity score and matches the corresponding GHG coefficient. It
is possible that several observations in the CEX match. If this is the case, the CEX obser-

vation is chosen randomly. Therefore, I repeat this imputation procedure many times
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and eventually generate multiple (distinct) datasets. I validate the imputation proce-
dure and warrant the comparability between PSID and CEX based on demographic
characteristics as well as expenditures. Matching consumption survey data in this way
is the main methodological contribution of this chapter.

The final panel datasets contain the standard PSID variables as well as the mea-
sure for greenhouse gas consumption, which is different for every imputed dataset. In
particular, it allows me to study the relationship between total greenhouse gas con-
sumption and income, that is carving out the shape of the EEC, while controlling for
both i) time-invariant household specific effects and ii) wealth of households. To the
best of my knowledge, this chapter is the first to do so using micro-data.

In descriptive terms, I find that three expenditure categories account for almost all
of total GHG consumption of US households: housing (incl. utilities), transportation,
and food expenditure. In sum, they make up approximately 95% of measured GHG
and this number is very robust in all imputed datasets. Vacation expenditure comes

fourth with approximately 3%.

Estimation and results I follow the literature and estimate parametric EECs using a
model which is linear-quadratic in income. Using the imputed data with this methodol-
ogy and estimating it with OLS, I recover three established facts (Levinson and O’Brien,
2019; Sager, 2019). First, EECs are upward sloping: richer households consume more
GHG in absolute terms. Second, EECs are concave: relative to their income, richer
households consume less GHG. Third, EECs shift down over time: household con-
sumption baskets become greener over time. I interpret these results as further valida-
tion of my imputation strategy.

The panel data enables me to examine the difference between estimating the linear
model with ordinary least squares (OLS) compared to fixed effects (FE) estimation. I
estimate the model with both methods for all datasets and find that the FE estimates of
the coefficient on (linear) income are about half of the OLS estimates. Moreover, the FE
estimates on quadratic income are, on average and in absolute terms, also smaller than

the OLS counterparts, however there is some overlap in the distribution of estimates.
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These results suggest that the bias of omitting time-invariant variables is pushing
up OLS estimates, making EECs steeper and more concave. However, it has been recog-
nized in the literature that FE estimation amplifies measurement error and thus attenu-
ation bias, that is, a bias of coefficients towards zero (Griliches and Hausman, 1986). To
exclude this possibility, I provide suggestive evidence based on the comparison of OLS,
tirst difference (FD), and FE estimates as well as higher order differences that this is not
the case in my framework. In particular, theory suggests that the bias is stronger for FD
estimates than FE estimates. However, I find that the former coefficients are larger than
the latter, i.e. less close to zero. Moreover, the results from higher order differences are
not significantly different from each other.

Based on the estimated model, I compute income elasticities of GHG consumption.
I find elasticities below one over the entire income distribution: GHG consumption is a
necessity. Again, I compare OLS and FE estimates over all imputed datasets. According
to the (averaged) OLS estimates, households earning income of 51,000$ (expressed in
2012 dollars) have an income elasticity of about 0.27, compared to the (averaged) FE
estimates of about 0.12. Income elasticities for rich households (> 300,000%) flatten out
at 0.6 (OLS) and at 0.33 (FE), respectively.

While the elasticity estimates in the OLS case seem to be quite robust over the entire
range of income, variation over different datasets is larger when the model is estimated
using FE. For instance, going back to the household with 51,000$ in earnings, the es-
timated 10th percentile elasticity over all datasets is 0.09, while the 90th percentile is
about 0.15. This difference is increasing with income and reaches 0.21 for households
with 500,000$ in earnings. For comparison, the difference in percentiles for the OLS
estimates at this level of income is 0.02.

An immediate policy implication of these elasticity estimates refers to the "equity
pollution dilemma" (Heerink, Mulatu and Bulte, 2001; Sager, 2019): redistributing in-
come from rich to poor households might increase aggregate GHG emissions. Under
the FE estimates, however, this dilemma is attenuated as the difference in elasticities be-

tween poor and rich income households is not as large as previously estimated. More-
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over, redistributing carbon tax revenue to poorer households to alleviate its regressive
impact would have weaker second-round effects on aggregate emissions.

Finally, I study income elasticities for different GHG consumption categories to ex-
amine potential heterogeneities in expenditure patterns. Thereby, I focus on the three
main categories housing, transportation, and food. Both housing and transportation
exhibit a hump-shaped income elasticity, whereas the income elasticity of food is in-
creasing for all income levels. Quantitatively, the elasticity on transportation is lower
than housing and food, respectively.

Knowing the income elasticities of different consumption goods is informative for
policy makers when they weigh equity and efficiency concerns of carbon taxation,
which are present under non-linear Engel curves (Jacobs and van der Ploeg, 2019). In
other words, from a non-environmental point of view, carbon tax differentiation based
on the type of product might be optimal. General arguments of commodity tax differ-

entiation apply.

Related literature The present chapter relates to a burgeoning literature that esti-
mates EECs from household micro-data. My chapter builds most notably on Levinson
and O’Brien (2019) who connect CEX data to IO tables and thus firm emissions data in a
tremendous data linking effort. They use their dataset to estimate EECs with respect to
air pollution measures and decompose US households’ shift to greener products into
an income and substitution effect. Sager (2019) also uses their methodology, but fo-
cuses on CO, emissions, and studies the link between income inequality and aggregate
emissions. The main contribution of this chapter is to utilize a panel data framework.
Starting from Levinson and O’Brien (2019)’s data building approach, I link the CEX
data to the PSID to study the relevance of household fixed effects when estimating
EECs.

The methodological contribution lies in the construction of the panel dataset. My
strategy is inspired by the estimation of demand systems to connect the CEX and
PSID, which has been employed to study the transmission of income shocks to con-

sumption inequality (Blundell et al., 2008). Instead of imputing consumption expen-
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ditures directly into the PSID, I can rely on its newly introduced consumption series
and impute the GHG intensity of consumption using non-parametric imputation tech-
niques (Cranmer and Gill, 2013). Hence, this chapter joins ranks with several other
articles that complement existing data sources to account for the missing rich in sur-
vey datasets (Nabernegg, Nabernegg and Kopp, 2023), expenditure under-reporting
(Hardadi, Buchholz and Pauliuk, 2021), or people living under poverty (Bruckner, Hubacek,
Shan, Zhong and Feng, 2022).

Outline The chapter is structured as follows. Section 2 discusses estimation of EECs
in more detail. Section 3 describes the data, the imputation strategy, and the final sam-
ple. Section 4 presents parametric estimates of EECs and compares OLS with FE esti-
mation. Section 5 presents how the income elasticity of GHG consumption varies by

income and product category. Section 6 concludes.

4.2 Estimating Environmental Engel Curves

A common approach to estimate Environmental Engel Curves parametrically is to
run the following regression on repeated cross-sectional data (Levinson and O’Brien,

2019; Sager, 2019):
Git = B1sYir + Bos Y7+ X'is0t + vy, (4.1)

where Gj; is the environmental measure of interest such as greenhouse house gases
or air pollution, Y denotes income, and X is a vector of control variables. The model
variables and coefficients have subscript t, because the model is estimated separately
for each period. The coefficients of interest are 81 ; and Bo.

The interpretation of the EECs is a structural one: Holding prices constant, an in-
crease in income will give rise to a change in expenditure on G as estimated in Equa-
tion (4.1). Implicit in this interpretation is that G in the EEC as represented above is an

endogenous variable, whereas, in particular, Y is considered exogenous (Cameron and



130 What is the shape of Environmental Engel Curves? Evidence using Panel Data

Trivdei, 2005, p.21). This implies that the linear model does not suffer from omitted
variable bias.

A potential culprit in this respect, as also discussed by Sager (2019), is heterogeneity
in household consumption preferences. These (unobserved) preferences, if correlated
with income, would constitute an omitted variable that would bias estimates in the lin-
ear model eq. (4.1), rendering the structural interpretation moot. In fact, recent studies
tind evidence in this respect and stress or model a codependence between income and
preferences (Alan et al., 2018; Arellano et al., 2023).

The main contribution of this chapter is to make progress in this direction and to
include household specific effects in Equation (4.1). I am able to do so because of the
panel structure of a novel dataset that I construct (see below). Related to the discussion
in the previous paragraph, the rationale of doing so is to control for potential time-
invariant omitted variables which are correlated with consumption and income. For
instance, my approach can control for household consumption preferences or any other

unobservables, to the extent that these do not change over time.

4.3 Data

This section consists of four parts. First, I will describe the different data sources,
which are environmental data from the Environmental Protection Agency (EPA) in the
US, and household survey data from the Consumer Expenditure Survey (CEX) and the
Panel Study of Income Dynamics (PSID). I briefly lay out how to connect the CEX to
the environmental data to construct household consumption of GHG. Second, I will de-
scribe how I map the CEX dataset to the PSID. Third, I will describe the main variables
in my analysis and sample selection. Fourth, I show summary statistics from my main

sample.
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4.3.1 Data sources and data preparation

Environmental data The collection of the environmental data follows Levinson and
O’Brien (2019) with two minor modifications.? First, instead of using pollution data to
the construct the Environmental Engel curves, I use greenhouse gas data from EPA’s
Greenhouse Gas Reporting Program (GHGRP). Second, the benchmark year to match
environmental and industry level production data is updated to 2012, since this is the
tirst year for which both are available in the same year.

GHGRP The GHGRP collects greenhouse gas emissions data at the facility-level
from various sources in the United States. Overall, about 8000 facilities are required
to report their emissions every year. This chapter uses "direct emissions data" which
is reported on-site and includes approximately 50% of total emissions in the United
States. In other words, direct emitters describe facilities that directly emit GHGs into
the atmosphere, for instance, a power plant that burns natural gas or coal. Greenhouse
gases are reported in units of metric tons of CO,-equivalent.

Most importantly, the GHGRP allows to group facilities by six-digit North Amer-
ican Industrial Classification System (NAICS) which then makes it possible to map it
to the Economic Census and the Census of Agriculture. As a result, I can construct
direct GHG coefficients in analogy to the pollution coefficients by Levinson and O’Brien
(2019). These coefficients measure the GHG intensity of production in each sector -
identified by NAICS code - and are computed, for each sector, by dividing the total
amount of GHGs emitted by the total value of production. Lastly, I can map each of the
coefficients to a particular IO codes which is important for the next step: The mapping
from production emissions to total emissions accumulated in final goods. Note that the
direct GHG coefficients measure the environmental impact in production irrespective
of the place in the supply chain; that is, for both intermediate and final goods. Using
input-output tables from the BEA, however, I can compute total GHG coefficients which

measure for each final consumption good - identified by IO codes - the amount of GHG

21 thank Arik Levinson and James O'Brien for sharing their data and programs on concordances
between datasets. Some of which were carried together manually with their subjective judgments on
UCC-IO mappings. The quality of their documentation in the code is highly appreciated.
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emissions accruing over the whole supply chain when producing that particular good.

Hence, the data contains total GHG emission intensities by IO code.

CEX To map GHG consumption to actual consumption expenditure, I use the Inter-
view component of the CEX. This component is a rotating panel, which follows con-
sumer units (CU), or households, for a period of 15 month and registers information
about expenditure in interviews every three months. A strength of this dataset is the
amount of detail with which information about expenditure categories is collected. A
downside is that even though household are followed for multiple periods, income
information is only elicited in the first and fourth interview (Heathcote, Perri and Vi-
olante, 2010).

The consumption categories in the CEX are classified by so-called universal classi-
fication codes (UCCs). To achieve a mapping between UCCs and IO codes, I rely on
the manual concordance by Levinson and O’Brien (2019). I merge the total GHG coeftfi-
cients from the GHGRP to the consumption data by IO code and can then compute the
amount of GHG emissions needed to produce a given consumption basket for every
household. In other words, I can compute to what extent a households” consumption
basket is relatively clean or dirty. This dataset, which includes consumption expendi-
ture and GHG emissions data on the household level is used for imputation below.

Language note Throughout the entire chapter, I will refer to "a households’ con-
sumption of GHG" when speaking of the amount of GHG emitted when producing the
households’” consumption basket. The former is, of course, not technically correct, but

facilitates description and avoids unnecessarily complicated sentences.

PSID The PSID is a panel survey of a representative sample of U.S. households. The
survey is biennial since 1997 and collects a comprehensive set of consumption expen-
diture categories since 2005 (Li, Schoeni, Danziger and Kerwin Kofi, 2010). Moreover,
it collects information about household members” demographics, income, and wealth.
It has low attrition and high response rates (Andreski, Li, Samancioglu and Schoeni,

2014). I will use the 2005-2017 waves of the PSID. The PSID is backward-looking, hence
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these waves represent the years 2004-2016.

In the following, I will explain how I connect the CEX with its information on GHG
consumption to the PSID to create my final panel dataset in which I observe inter alia
income, wealth, expenditure, and the amount of greenhouse gases needed to produce

a given amount of consumption goods.

4.3.2 Mapping between CEX and PSID

The mapping between the CEX and the PSID proceeds in four steps. In the first step,
I construct GHG coefficients with Levinson and O’Brien (2019)’s strategy and use them
to compute GHG consumption on the UCC level. I then aggregate it to the nine cate-
gories observed in the PSID. In the second step, I compute household GHG coefficients
in the CEX for all nine PSID categories. In the third step, I impute the GHG coefficients
from the CEX to the PSID, separately for each consumption category and year. I do this
using multiple hot deck imputation as proposed in Cranmer and Gill (2013). In the fourth
step, I compute GHG consumption in the PSID by multiplying observed consumption
expenditures and the imputed GHG coefficient.

Step1 The CEX data set has both expenditures for goods and services and the amount
of GHG necessary to produce them ((Levinson and O’Brien, 2019)). Therefore, to find
the level of GHG associated with consumption of each UCC, I multiply the total GHG
coefficient, which measures tons of CO,-equivalents per dollar spent, with the expendi-
ture on UCC consumption goods. Formally, denote the total GHG coefficient for UCC

CUCC

goods by and expenditure on these goods by ZHCC. Then for each household i in

the CEX, GHG "consumption" by UCC is

CEX,UCC CEX,UCC~CEX,UCC
GS = Vay . 4.2)

In the CEX, the UCCs are fairly disaggregated. For instance, in 2009 there are over
500 different UCCs, while the PSID has 32 sub- and 9 main consumption categories.
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Going forward, I will focus on the nine main categories. Hence, to compare consump-
tion in the CEX and the PSID, I rely on a mapping by Andreski et al. (2014) who match
multiple UCCs to the PSID categories.? It is hence possible to aggregate UCCs from
the CEX into consumption categories from the PSID. To be more precise, denote by C
the set of consumption categories in the PSID, with C = {Food, Housing, Transportation,
Education, Childcare, Healthcare, Clothing & Apparel, Trips & Vacations, and Recreation &
Entertainment }. For each ¢ € C, sum over all UCCs in the CEX that make up category c:

GiCtEX’C = ) GgEX’UCC and similarly ZZ.CtEX’c = ) ZEEX’UCC (4.3)
UCCec UCCec
For instance, UCC 790410 ("Food prepared by consumer unit on out-of-town trips")
and UCC 790240 ("Food and non alcoholic beverages"), among others, both contribute
to the category "Food" in the PSID.

Step2 We can now back out the GHG coefficient for each PSID category:

GCEX,C
CEX,c __ Mit
gz't o ZCEX,C' (4'4)
it

Equation (4.4) shows that the GHG coefficient CgEX’C

Why is this the case when {“EXUCC in Equation (4.2) did not? The reason is that { gEX’C

varies on the household level.

now captures differences in households’ consumption baskets (in terms of UCC goods).

Step 3 Assume there is a function f : R" — R which translates demographic charac-

teristics, X, into the CEX-based GHG coefficient:

CEX,
CitEXC = f(XgEX)

31 thank Patricia Andreski, Geng Li, Mehmet Zahid Samancioglu, and Robert Schoeni for providing
this mapping. See their Table 3 in the Online Appendix.
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To impute the GHG coefficient into the PSID dataset, I approximate this function and
apply it on the same vector of demographic characteristics:

g = F(XIP). 4.5)
How do we compute f? The strategy I use in this chapter is called multiple hot deck
imputation (Cranmer and Gill, 2013). The idea is to compute a distance measure, called
"affinity score", between Xl.CtEX and XﬁSID , which hold the same set of observables. For
every observation in the PSID, the procedure chooses the observation in the CEX with
the highest affinity score and matches the corresponding GHG coefficient.

It is possible that several observations in the CEX achieve this highest score from
which the GHG coefficient should be matched. If this is the case, the CEX observation
is chosen randomly. Given the size of the CEX data, having multiple best affinity scores
it the rule, rather than the exception. Hence, I repeat the imputation procedure D times,
essentially creating a series of functions, {f;} D_.. Eventually, using D different fa’s on
ng D generates D (distinct) PSID datasets that exclusively differ based on the imputed

set of GHG coefficients {( g ?tl by D,

Step 4 For each of these D datasets, I compute household GHG consumption of cate-
gory c from the imputed GHG coefficient and the observed level of expenditure:

PSID,c __ »PSID,c—PSID,c
Gai ~ =Cai  Zit (4.6)

Practical implementation

As controls in XCEX & XPSIP [ use the age of the household head, gender, the num-
ber of adults in the households, the number of children in the household, marital status,
race, region, and education.* I recoded the numerical values in both the CEX and PSID

to make all variables comparable. Figure 4.B.7 in Section 4.B shows histograms for

4 Hence, note that the demographic characteristics only contain categorical variables, even though this
must not necessarily be the case, given our definition of f.
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comparison. Overall, the distributions of all variables have similar shape and a high
degree of overlap. An exception is the age variable, for the CEX shows an increasing
age gradient and the PSID a decreasing one. In total, I set D = 100 and run the imputa-
tion separately for each wave in the PSID. Since the PSID is biennially I group adjacent
years in the CEX; for instance, I pool year 2004 and 2005 in the CEX to compare it to the
2005 wave of the PSID.

Discussion of the imputation procedure

I want to address two points in more detail. First, a comparison of expenditure
levels in the CEX and the PSID. Second, the validity of the imputation procedure using
my datasets.

Even though I impute the GHG consumption coefficients, I also want to verify that
the consumption measure is comparable in both dataset. Hence, Figure 4.B.6 com-
pares the expenditure levels of all 9 PSID consumption categories, converted to 2012-$
and adjusted using the OECD equivalence scale. The CEX UCCs have been aggre-
gated accordingly (Andreski et al., 2014). The figure shows that the expenditure levels,
excluding outliers, have very similar distributions. This is especially true for food,
housing, and transportation, which are the embody the bulk of GHG consumption (see
Figure 4.1 below).

Turning to my second point, Equation (4.5) implicitly assumes that heterogeneity
in I.I;SI Peis tully captured by my set observables, X. The idea is that variation present
in the UCCs in the CEX, which is lost in the aggregation Equation (4.3), is (partially)
recovered by these demographic characteristics. Since Cranmer and Gill (2013)’s proce-
dure is non-parametric in nature, I do not impose any functional form on f to maintain
enough flexibility when recovering this variation.

Finally, the hot deck imputation procedure is designed to impute discrete data.
However, my GHG coefficient is continuous. While the authors claim that the pro-
cedure works also well for continuous data, I validated the performance on CEX data.

In particular, I used data from the year 2004, computed total GHG consumption co-
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efficients, and randomly set 20 percent of this variable to missing. I then used X“£X
to impute these missing coefficients, just as in my actual imputation, however now I
can compare them to the "true" coefficients. Regressing imputed coefficients on true
coefficients, without a constant, yields a coefficient of 0.95 and an R? of 0.92 (see also

Figure 4.C.8).

4.3.3 Definitions and sample selection

The following definitions of income, wealth, and consumption are based on the
original PSID data. All variables are transformed into 2012-$.

Income 1 use post-tax household income in my regressions. I define household
income as the sum of head and spouse’s labor income, transfers, social security income,
and food stamps net of taxes (computed with NBER’s TAXSIM program).

Wealth A household’s wealth is defined as the difference between assets and lia-
bilities. Assets include checking and saving accounts, stocks, private annuities/IRAs,
present value of one’s house/apartment, and vehicles. Liabilities include mortgages,
credit card debt, student debt, medical bills, legal debt, and loan from relatives.

Consumption My consumption variable corresponds to all consumption categories
as described above. That is, consumption is the sum of expenditure on food, housing,
transportation, education, childcare, healthcare, clothing & apparel, trips & vacations,
and recreation & entertainment.

Sample selection 1 select household heads between 25 and 60 years old. I drop
households whose composition has changed throughout my observation period. Fur-
thermore, I exclude observations whose i) total GHG consumption is negative ii) hourly
wage is smaller than half the minimum wage iii) labor income is positive, yet have zero
working hours iv) wealth is less than minus one million. Lastly, I winsorize the top and
bottom 0.5% of my income and wealth variable to account for extreme outliers. Note
that all sample selection criteria, except i), apply to the original non-imputed PSID

dataset.
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4.3.4 Final dataset(s)

Figure 4.1: Greenhouse gas consumption by PSID category
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Note. This figure shows the share of greenhouse gas consumption across all nine consumption categories
relative to the overall greenhouse gas consumption in the PSID dataset. Greenhouse gas consumption is
imputed from CEX data as described in the main text.

Recall that the final datasets differ only by one variable, namely the imputed GHG
consumption coefficient. Hence, Table 4.1, which shows summary statistics of key
household characteristics, represents all D datasets. The average household earns 65,100%
(in 2012 dollars), owns 169,800% (in 2012 dollars) in wealth, and contains three persons.
The average household head is 42 years old, white, married, lives in the south of the
US and has a high school degree.

Figure 4.1 shows our imputed GHG consumption measure as constructed in Equa-
tion (4.6). The height of the bar indicates mean GHG consumption shares over all
datasets. We see that expenditure on housing, transport, and food almost make up
all greenhouse gas emissions in consumption baskets of households. Moreover, the
small standard errors indicate that there is little variation between datasets.

Finally, it is now possible to estimate the following linear model for every dataset d:

Gait = Ba1Yit + BaaYa +Xibg + ag; + var + €qs- (4.7)
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Table 4.1: Summary statistics

Mean Std. dev.
Income (10000 2012-$)  6.51 5.72

Age 41.98 10.28
Gender 0.80 0.40
Marital status

Married 0.63 0.48
Never married 0.19 0.40
Widowed 0.01 0.11
Divorced 0.14 0.35
Separated 0.02 0.14
Race of household head

White 0.88 0.33
Black 0.10 0.30
Other 0.02 0.13
Asian 0.00 0.06
Observations 20751

Mean Std. dev.
Wealth (10000 2012-$) 16.98 32.79

Family size 2.84 1.46
Education

Elementary only 0.10 0.30
High school 0.28 0.45
Some college 0.27 0.44
College 0.21 0.41
More than college 0.14 0.35
Region

Northeast 0.16 0.37
Midwest 0.30 0.46
South 0.34 0.48
West 0.19 0.40

Note. This table shows summary statistics for the benchmark sample from the Panel Study of Income
Dynamics 2004-2016 as described in the main text. Income (net of taxes) and wealth is in units of 10000
and expressed in 2012 dollars.
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The dependent variable is imputed GHG consumption summed over all categories,
thatis Gy ;s = Y ¢ Ggl,it measured in tons of CO,-equivalents. As independent vari-
ables, I include income, Y, income squared, Y2, and other covariates, X. These covari-
ates include family size, family size squared, age, age squared, gender of the household
head as well as dummy variables for marital status, race, education, and region. Fur-
thermore, I extend existing specifications and include wealth and wealth squared as
control variables.

In the following, I will estimate Equation (4.7) using both pooled OLS and OLS
based on demeaned variables; that is, within estimation/fixed effects. For brevity, I
will refer to the former as OLS and the latter as FE. Moreover, I will sometimes estimate
the model for each dataset and then present the distribution of point estimates from all

regressions and not show standard errors. The interpretation is akin to a bootstrap.

4.4 Results

4.4.1 Quadratic EECs

Figure 4.2: Regression estimates for all D datasets
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Note. This figure shows OLS (blue) and FE (red) estimates of Bd,l and Bd,Z from the linear model eq. (4.7).
The model is estimated for all imputed datasets such that there is an entire distribution of coefficient
estimates in both cases.
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The blue bars in Figure 4.2 show the estimates of both ;1 and B, for all datasets
D when the linear model is estimated using standard OLS. Furthermore, Figure 4.3
shows the shape of Environmental Engel Curves for the years 2004 and 2016 (control-
ling for income (squared) only). From these figures, we can make the following three
observations. First, the coefficient on income is positive. Second, the coefficient on in-
come squared is negative. Third, Environmental Engel Curves shift down over time.
Taken together, these three results confirm existing results in the literature (Levinson
and O’Brien, 2019; Sager, 2019), further validating the imputation approach.

The red bars in Figure 4.2, on the other hand, show the estimates of both 81 and B,
when the linear model is estimated controlling for household fixed effects. The overall
shape of the EEC stays unchanged: it is upward sloping and concave. However, the
distribution of point estimates of ;1 suggests that the associated increase in GHG con-
sumption due to an increase in income, ceteris paribus, is not as strong as suggested by
the OLS regression. Moreover, the EEC seems to be less concave, as the :Bii,zs are closer
to zero, which would indicate a linear relationship. However, the contrast between the
OLS and FE estimates is less pronounced for the coefficient(s) on the quadratic term, as
the distributions overlap partly.

These results imply that (individual) EECs are i) flatter and ii) more linear as com-
pared to the cross-sectional estimates. This suggests that with respect to the slope there
is an upward bias from omitted time-invariant variables. Taking up preference hetero-
geneity again as a concrete example, it means that household consumption preferences

are positively correlated with both income and GHG consumption.

4.4.2 Potential measurement error?

Including household-specific effects in the analysis comes at a potential cost. Griliches
and Hausman (1986) show that attenuation bias, due to measurement error in the in-
dependent variable, is amplified in fixed effects estimation. Hence, the question arises
whether attenuation bias is dominant and pushes my coefficients towards zero (com-

pared to the OLS case).
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Figure 4.3: Environmental Engel Curves of GHG consumption
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Note. This figure shows Environmental Engel Curves from the first imputed PSID dataset for the years
2004 and 2016, where households have been grouped into 50 income bins, respectively. EECs are repre-
sented by the predicted value of GHG consumption from a linear regression of GHG consumption on
income and income squared (quadratic fit). Income is net of taxes, in units of 10000, and expressed in
2012 dollars. Greenhouse gas consumption is imputed from CEX data as described in the main text.

To study this possibility, I follow a strategy by Griliches and Hausman (1986): "Cal-
culate some differenced estimates (of different lengths) by OLS. If they differ signifi-
cantly, errors in measurement may well be present” (p.114). Since there are no control
variables in their framework, I residualize my variables of interest. In particular, de-
note by M;m the residual maker w.r.t the controls and time fixed effects, and denote
residuals by lower case variables, that is, M)‘(,fyGit = gt (analogous for income) and
Miﬁeit = ¢j. I then run several regressions on these residuals for different orders of

differences A*var;; = var;; — varj;_, for my quadratic specification in all datasets:
N Gt = BaiOYir + Baaldyi; + Meqs. (4.8)

Table 4.2 shows the results of this strategy. The estimated coefficients and standard
errors reported here are averages over all datasets. For instance, Bl = % 2521 Bd,l- Stan-
dard errors are robust with respect to heteroskedasticity and clustered at the household

level.
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Table 4.2: Griliches and Hausman (1986) test regression(s)

A" By B>

1 0.532(0.149) -0.0156 (0.0123)

0.393 (0.146) -0.0025 (0.0010)
0.523 (0.116)  0.0018 (0.0079)
0.821 (0.122)  0.0029 (0.0107)
0.819 (0.168)  0.0034 (0.0157)

N G ks~ W N

0.622 (0.242)  -0.0094 (0.0131)

OLS 0.989 (0.084) -0.0034 (0.0005)
FE 0.490 (0.130) -0.0028 (0.0010)

Note. This table shows the average estimates of eq. (4.8) over all datasets for different orders of the
difference operator A as well as average OLS and FE estimates. Average standard errors in parentheses

are robust and in the case of FE estimation clustered at the household level.

The estimates give rise to two points why I am confident that my results are not
driven by (FE-amplified) attenuation bias. First, most of the estimated coefficients for
different orders of the difference operator A are not significantly different from each
other. With respect to B;, there is some divergence for the fourth and fifth difference,
however, the remaining ones agree in magnitude and in sign. With respect to ,, the
coefficients do overlap, as standard errors are larger, but are not significantly differ-
ent from zero. Hence, based on the first-difference estimates, one could not reject the
linearity of EECs.

Second, Griliches and Hausman (1986) show that for a positively autocorrelated
independent variable with a declining correlogram, such as income in our case, the
attenuation bias of the first difference estimate when T > 2 should be larger than the FE
estimate (see their equation (5)). However, this is not the case for both of the coefficient

estimates.
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4.5 Income elasticity of GHG consumption

4.5.1 Total consumption

Figure 4.4: Income elasticity of GHG consumption
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Note. This figure shows estimates for the income elasticity of total GHG consumption based on eq. (4.7)
when all covariates are fixed at their mean value. Elasticities are evaluated over an equally-spaced ten-
point income grid ranging from the minimum income observation to 500,000 2012-$. The blue solid line
shows the mean (over all imputed datasets) elasticities when eq. (4.7) is estimated using OLS, and the red
dashed line shows the mean (over all imputed datasets) elasticities when the model is estimated using
FE. The grey-shaded area covers the 10th and 90th elasticity percentile, respectively, over all estimated
elasticities.

Another way of studying the shape of EECs and of considerable importance for the
public finance literature is to look at income demand elasticities. Hence, Figure 4.4 plots
the income elasticity of GHG consumption based on eq. (4.7), when all other covariates
are fixed at their mean value.” Flasticities are evaluated over an equally-spaced ten-
point income grid ranging from the minimum income observation to 500,000 2012-$,
the interval which covers the major part of the support of the income distribution (Fig-
ure 4.D.9). The blue solid line depicts the mean elasticities under OLS for all datasets,

whereas the red dashed line depicts the mean elasticities under FE estimation for all

> Think of a partial equilibrium exercise in which prices are fixed such that income elasticity of demand
and income elasticity of consumption can be used interchangeably (Ghoddusi, Rodivilov and Roy, 2021)
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datasets. The grey-shaded area covers the 10th and 90th elasticity percentile, respec-
tively, over all estimated elasticities.

Three observations stand out. First, both OLS and FE estimates are well below 1
for the entire range of considered income levels. Hence, GHG can be considered a
necessary good. Second, however, the elasticity estimate under FE is approximately
half that of the estimate under OLS, while the shape of the elasticity curve is largely
similar. Third, the FE estimate exhibits a larger band of uncertainty. Obviously, the
fact that OLS estimates are larger is an extension from the larger coefficient estimates
(Table 4.2).

These new elasticity estimates give rise to two policy implications. First, the equity-
pollution dilemma would be attenuated. This dilemma describes that redistributing in-
come from rich to poor households might increase aggregate GHG emissions, as poorer
households have larger marginal propensities to consume (MPC) with respect to GHG
consumption (Heerink et al., 2001; Sager, 2019). But note that the income elasticities
of consumption can be written as the product of the MPC and the consumption-to-
income ratio. Keeping the latter fixed, the FE estimates imply a weaker equity-pollution
dilemma, as the difference in elasticities, and hence MPCs, between poor and rich in-
come households is not as large as previously estimated.

Second, and related to this argument, redistributing carbon tax revenue to poorer
households to alleviate its regressive impact would have weaker second-round effects
on aggregate emissions. This is an immediate implication of smaller elasticities at the

lower end of the income distribution (Figure 4.4).

4.5.2 Different GHG consumption categories

The analysis so far has focused on a total measure of GHG consumption. But we
saw in Figure 4.1 that only a subset of categories drive the total GHG measure. The next
decomposition helps us understand to what extent individual categories contribute to

the overall income elasticity.
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Decomposition 1.

UG,Y = Z (PCHC,Y/

ceC

where ¢, = %CCGC denotes the GHG consumption share and 7.y = %% denotes
the income elasticity of GHG consumption of category c. Decomposition 1, which is
derived in Section 4.A, states that the income elasticity of total GHG consumption is

equal to the expenditure-weighted elasticities of its components.

Figure 4.5: Income elasticity of GHG consumption by category
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Note. This figure shows estimates for the income elasticity of three consumption categories, namely hous-
ing, transportation, and food GHG consumption, respectively. The estimates are based on an adjusted
linear model eq. (4.7) where the dependent GHG variable is replaced by the respective category. Elas-
ticities are evaluated over an equally-spaced ten-point income grid ranging from the minimum income
observation to 500,000 2012-$. The blue solid line shows the mean (over all imputed datasets) housing
elasticities, the red dashed line shows the mean (over all imputed datasets) transportation elasticities,
and the green dotted line shows the mean (over all imputed datasets) food elasticities. The grey-shaded
area covers the 10th and 90th elasticity percentile, respectively, over all estimated elasticities.
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Hence, in the following, I compute different income elasticities as above for the
three primary GHG categories, as they are the main contributors to the overall income
elasticity. Figure 4.5 shows the elasticities for housing, transportation, and food; again,
over the equally-spaced income grid. Both housing and transportation exhibit a hump-

shaped income elasticity, whereas the income elasticity of food is increasing over the
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entire domain. The income elasticity of housing is subject to considerable uncertainty,
whereas the ones for food and transportation have smaller uncertainty bands.

As indicated in the introduction, when Environmental Engel curves are non-linear,
governments only have access to distortionary linear income taxes and household pref-
erences are separable in consumption and labor, carbon taxes should deviate from its
Pigouvian level (Jacobs and van der Ploeg, 2019). Hence, they potentially serve other
goals than correcting the climate externality from emissions. As a result, governments
should weigh equity and efficiency concerns when setting (potentially different) car-
bon taxes on different consumption categories. Knowing income elasticities of different
consumption goods provides insight for policy makers when carbon taxes also serve re-
distributive purposes or should help alleviate existing distortions in the economy. For
instance, these elasticities are informative about the size of income effects that enter
the social marginal utility of income in optimal tax conditions (Diamond, 1975; Jacobs,

2018).

4.6 Conclusion

In this chapter, I have constructed a novel panel dataset by imputing information on
household greenhouse gas consumption from the CEX to the PSID using multiple hot
deck imputation. The imputation procedure results in multiple distinct datasets that
can be used for econometric analysis. Equipped with these datasets, I am able to para-
metrically estimate Environmental Engel Curves, while controlling for time-invariant
household specific effects, such as preference heterogeneity.

Taking into account these household effects (FE) results in flatter and more linear
Environmental Engel Curves compared with pooled OLS. The mean (over all imputed
datasets) income elasticity of GHG consumption under FE is well below one and about
half as large as the one implied by OLS estimation. These elasticities differ by consump-
tion category, as elasticities for GHG emissions in housing and transportation expendi-

ture exhibit a hump-shaped income elasticity, whereas elasticities for GHG emissions
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in food expenditure is increasing for all levels of income. The estimates have important
implications for carbon taxation and redistribution of its revenue.

Lastly, this chapter stayed close to existing estimation models to establish the rel-
evance of controlling for household fixed effects. There are other avenues, however,
which are well worth exploring in future research. I want to mention two. First, the
panel structure allows estimation of entire systems of consumer expenditure functions
with better estimation, identification and hypothesis testing characteristics (Aasness,
Biorn and Skjerpen, 1993). An application with respect to GHG intensive goods would
be particular interesting. Second, survey data often under-represents the extreme rich
and thus necessitates to exclude this part of the distribution from the econometric anal-
ysis. Incorporating the panel framework while, in addition, taking into account the
upper tail of the distribution as in Nabernegg et al. (2023) would provide a more com-

plete representation of Environmental Engel Curves.
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Appendix

4.A Decomposition derivation

Start from the simple identity that total greenhouse gas emissions consumed are

made up of different categories, each of which is a function of income:

G=Y G(Y)

ceC

Differentiating yields

AGE(Y)
3%

dy.

iG=Y

ceC

Division by dY, expanding terms, and employing the definitions of # and ¢ from the

main text yields the decomposition:

Z aGC
aY
E Y Z aGC Y G*
éY G v Y GC/ G
G,y Ulelh% ¢c
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4.B CEX-PSID Comparison

Figure 4.B.6: Expenditure comparison between CEX and PSID
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Note. This figure compares consumption expenditures between the CEX and the PSID. Expenditures in
both datasets have been aggregated to nine categories, adjusted using the OECD equivalence scale and
are expressed in 2012-$. Outside values are omitted from the boxplots.

Figure 4.B.7: Covariates comparison between CEX and PSID
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4.C Hot Deck Matching Validation

Figure 4.C.8: Hot Deck Matching Validation
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Note. This figure shows the relationship between the true GHG coefficients and the imputed GHG coef-
ficients from CEX test data in the year 2004. 20% of the GHG intensities observations in this year have
been randomly set to missing and then imputed based on the imputation procedure from the main text.
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4.D Additional Figures and Tables

Figure 4.D.9: Distribution of income and wealth
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Note. This figure shows the distribution of after-tax income and wealth in the PSID, respectively, under
the benchmark sample. The top left panel shows the distribution of after-tax income when it is truncated
at 500,000 2012-$. The top right panel shows the distribution of wealth when it is truncated at 2,000,000
2012-$. The bottom panels show the full distribution.



Summary in English

This thesis consists of three chapters that - either theoretically or empirically - study
the interaction between economic inequalities and economic shocks or policies.

The general mechanism through which the theoretical economic models that I con-
sider generate economic inequality between agents are through uninsurable idiosyn-
cratic shocks to agent’s income or labor productivity. One possibility of agents to in-
sure their consumption profile against these shocks is through borrowing and lending.
However, the capacity to borrow is not time-invariant. For instance, credit card data
shows that aggregate credit limits decreased after the financial crisis. Hence, the sec-
ond chapter examines in a theoretic model how this aggregate credit shock, induced
by the financial crisis, affected agents” consumption insurance. Thereby, I compare
different measures of credit availability that imply different persistence of the credit
shock. I find that consumption insurance overall decreases in response to both shocks.
This aggregate decrease, however, masks considerable heterogeneity across the wealth
distribution. Asset-poor households experience the largest decrease in consumption
insurance, whereas asset-rich households actually have access to more consumption
insurance. Finally, I find that adjusting ones labor supply, another possibility of react-
ing to a negative idiosyncratic shock, attenuates these dynamics.

A part of the saving behavior of agents in these theoretical economies reflects pre-
cautionary behavior. Agents save as a precaution against possible future negative id-
iosyncratic shocks. Moreover, as may be imagined, this behavior varies with an agent’s
income and asset position. Hence, an outcome of this behavior is that consumption -

the mirror image of saving - is a concave function of income and wealth. The next two
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chapters of this thesis relate this concavity result to the environmental literature.

It is shown in the economic literature that the concavity of the consumption func-
tion has implications for the optimal level of carbon taxes, even when other taxes could
be adjusted as well. Hence, in chapter three, I study how uninsurable idiosyncratic risk
and precautionary saving behavior of agents, which create this concavity, affects the
level of the optimal carbon tax when the revenue is redistributed lump-sum to house-
holds. I do so theoretically in an economic model that features inequality in income,
wealth, consumption of a polluting energy and a clean good, and an economic exter-
nality of energy production. I find that, keeping other fiscal instruments fixed, the
optimal carbon tax is increasing in the level of uninsurable idiosyncratic risk, because
the tax and transfer combination provides redistribution and insurance through higher
transfers and by increasing wages and interest rates due to lower climate damages.
However, this result depends on the set of adjustable tax instruments. If, in addition
to carbon taxes, labor income taxes can be adjusted, the relation between idiosyncratic
risk and optimal carbon taxation reverses.

Finally, chapter four studies the shape of this consumption function from an empir-
ical perspective. I combine multiple data sources to construct a novel panel dataset in
which I observe among other things US households” income, wealth, and expenditure
and greenhouse gas consumption. In addition to its implications for optimal fiscal pol-
icy, as discussed in the third chapter, knowledge of the structural shape is important
for the recylcing of carbon tax revenue. Specifically, the literature describes a so-called
equity-pollution dilemma in which, ceteris paribus, progressive redistribution of in-
come might increase aggregate emissions. This is the case if the marginal propensity
to consume polluting goods is decreasing in income. With this dataset in hand, I can
then estimate households” income elasticity with respect to greenhouse gas consump-
tion along the income distribution. I find that making use of the panel dimension of the
data, in particular controlling for time-invariant household specific effects, suggests
that the consumption function is flatter and more linear, and reduces the estimated

income elasticity for all levels of income compared to cross-sectional estimates. More-
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over, I show that these elasticities varies by consumption category. The results imply
an attenuated form of the equity-pollution dilemma and suggest differentiated carbon

taxes on consumption goods.



Samenvatting

Dit proefschrift bestaat uit drie hoofdstukken die - theoretisch of empirisch - de
interactie tussen economische ongelijkheid en economische schokken of beleid bestud-
eren.

Het algemene mechanisme waarmee de theoretische economische modellen die ik
beschouw economische ongelijkheid tussen agenten genereren, is via onverzekerbare
idiosyncratische schokken in het inkomen of de arbeidsproductiviteit van agenten.
Een mogelijkheid voor agenten om hun consumptieprofiel te verzekeren tegen deze
schokken is door te lenen en uit te lenen. Het vermogen om te lenen is echter niet
tijdinvariant. Uit creditcardgegevens blijkt bijvoorbeeld dat de totale kredietlimieten
zijn afgenomen na de financiéle crisis. Daarom onderzoekt het tweede hoofdstuk in
een theoretisch model hoe deze totale kredietschok, veroorzaakt door de financiéle
crisis, de consumptieverzekering van agenten beinvloedde. Daarbij vergelijk ik ver-
schillende maten van kredietbeschikbaarheid die een verschillende persistentie van de
kredietschok impliceren. Ik vind dat de totale consumptieverzekering afneemt als re-
actie op beide schokken. Achter deze totale daling gaat echter een aanzienlijke het-
erogeniteit over de vermogensverdeling schuil. Huishoudens met weinig vermogen
ervaren de grootste daling in consumptieverzekering, terwijl huishoudens met veel
vermogen juist toegang hebben tot meer consumptieverzekering. Tot slot ontdek ik dat
het aanpassen van het arbeidsaanbod, een andere mogelijkheid om te reageren op een
negatieve idiosyncratische schok, deze dynamiek afzwakt.

Een deel van het spaargedrag van agenten in deze theoretische economieén weer-

spiegelt voorzorgsgedrag. Agenten sparen uit voorzorg tegen mogelijke toekomstige
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negatieve idiosyncratische schokken. Bovendien varieert dit gedrag, zoals men zich
kan voorstellen, met het inkomen en de vermogenspositie van een agent. Een gevolg
van dit gedrag is dat consumptie - het spiegelbeeld van sparen - een holle functie is van
inkomen en vermogen. De volgende twee hoofdstukken van dit proefschrift relateren
dit concaviteitsresultaat aan de milieuliteratuur.

In de economische literatuur is aangetoond dat de concaviteit van de consump-
tiefunctie gevolgen heeft voor het optimale niveau van koolstofbelastingen, zelfs als
andere belastingen ook aangepast zouden kunnen worden. Daarom bestudeer ik in
hoofdstuk drie hoe onverzekerbaar idiosyncratisch risico en voorzorgsspaargedrag van
agenten, die deze concaviteit creéren, het niveau van de optimale koolstofbelasting
beinvloeden wanneer de inkomsten forfaitair worden herverdeeld onder huishoudens.
Ik doe dit theoretisch in een economisch model met ongelijkheid in inkomen, rijkdom,
consumptie van vervuilende energie en schone goederen, en een economische exter-
naliteit van energieproductie. Ik vind dat, als andere fiscale instrumenten onveranderd
blijven, de optimale koolstofbelasting toeneemt in het niveau van het onverzekerbare
idiosyncratische risico, omdat de combinatie van belasting en overdracht zorgt voor
herverdeling en verzekering door hogere overdrachten en door hogere lonen en rente-
tarieven als gevolg van lagere klimaatschade. Dit resultaat hangt echter af van de set
aanpasbare belastinginstrumenten. Als naast koolstofbelastingen ook belastingen op
inkomen uit arbeid kunnen worden aangepast, keert de relatie tussen idiosyncratisch
risico en optimale koolstofbelasting om.

Tot slot bestudeer ik in hoofdstuk vier de vorm van deze consumptiefunctie vanuit
een empirisch perspectief. 1k combineer meerdere gegevensbronnen om een nieuwe
paneldataset te construeren waarin ik onder andere het inkomen, het vermogen en de
uitgaven van Amerikaanse huishoudens en hun broeikasgasverbruik observeer. Naast
de implicaties voor een optimaal fiscaal beleid, zoals besproken in het derde hoofd-
stuk, is kennis van de structurele vorm belangrijk voor de recyling van koolstofbe-
lastinginkomsten. Specifiek beschrijft de literatuur een zogenaamd equity-pollution

dilemma waarin, ceteris paribus, progressieve herverdeling van inkomen de totale uit-
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stoot zou kunnen verhogen. Dit is het geval als de marginale neiging om vervuilende
goederen te consumeren afneemt met het inkomen. Met deze dataset in de hand kan ik
vervolgens de inkomenselasticiteit van huishoudens met betrekking tot de consumptie
van broeikasgassen langs de inkomensverdeling schatten. Ik ontdek dat het gebruik
van de paneldimensie van de gegevens, in het bijzonder het controleren voor tijdsin-
variante huishoudspecifieke effecten, suggereert dat de consumptiefunctie vlakker en
lineairder is, en de geschatte inkomenselasticiteit voor alle inkomensniveaus verlaagt
in vergelijking met transversale schattingen. Bovendien laat ik zien dat deze elasticiteit
varieert per consumptiecategorie. De resultaten impliceren een afgezwakte vorm van
het equity-pollution dilemma en suggereren gedifferentieerde koolstofbelastingen op
consumptiegoederen.
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