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Abstract

We quantify the connection between inequality and business cycles in a medium-scale

New Keynesian model with tractable household heterogeneity, estimated with aggregate and

cross-sectional data. We find that inequality substantially amplifies cyclical fluctuations. The

primary source of this amplification is cyclical precautionary saving behavior. Savers reduce

their consumption to insure themselves against the idiosyncratic risk of large income drops,

which rises in recessions.

1 Introduction

Inequality is one of the defining issues of our time. Economic research on this topic has tradi-

tionally focused on its secular evolution, since most measures of inequality tend to move slowly

over time. For instance, figure 1 shows the evolution of the distribution of labor earnings in the

US since 1967, from Heathcote et al. (2020). The dramatic and steady rise of income inequality

over the past five decades is evident. But its cyclicality is at least as striking. This paper focuses

on the latter.

The question that we address is if inequality matters for business cycles, and through which

channels. A glance at the figure above suggests that the answer must be yes, given that the dis-
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Figure 1: The evolution of the US labor earnings distribution. Source: Heathcote et al. (2020).

persion in incomes that it depicts varies between booms and recessions by similar magnitudes

as the trend does over several decades. But do these fluctuations in inequality simply reflect the

underlying business cycle dynamics that shape the movements in aggregate variables, or is the

counter-cyclicality of inequality itself one of the mechanisms that shape how the US economy

experiences expansions and recessions?

To answer these questions, we estimate a dynamic stochastic general equilibrium (DSGE)

model with heterogenous households, which includes all the ingredients that the literature has

shown to be necessary to fit the aggregate data (e.g. Christiano et al., 2005, Smets and Wouters,

2007 and Justiniano et al., 2010). To keep the framework as close as possible to the represen-

tative agent New Keynesian (RANK) models that have so far dominated business cycle studies

in macroeconomics, we adopt the stylized view of household heterogeneity proposed by Bil-

biie (2018, 2020), which is based on a long tradition of two-agent models, as in Campbell and

Mankiw (1989), Gaĺı et al. (2007), Bilbiie (2008) and Eggertsson and Krugman (2012). The two

types of households in our model are savers (S) and hand-to-mouth (H). The former choose

consumption and saving by maximizing intertemporal utility as standard representative con-

sumers. The latter consume all their post-tax income in every period. The presence of these

agents with high marginal propensity to consume (MPC) amplifies business cycles if their in-
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come is relatively more exposed to aggregate fluctuations. In the model, S agents have higher

income than H agents, but they face the risk of becoming the poorer H agents with a given

probability in every period. This risk gives them a precautionary reason to save, which further

propagates business cycles.

We estimate the model using the same aggregate data of Smets and Wouters (2007) and Jus-

tiniano et al. (2010), as well as information on the cyclical evolution of the cross-sectional stan-

dard deviation of labor income and post-tax income from the Current Population Survey (the

data underlying figure 1). We also incorporate a priori information based on microeconomic

studies on aspects of the model that affect the interaction between its cross-sectional and time-

series behavior. For example, we calibrate the share of H agents to be in line with the aver-

age marginal propensity to consume out of tax rebates and other transitory income shocks es-

timated by Souleles et al. (2006), Parker et al. (2013) and others. And we choose the probability

with which savers might become hand-to-mouth to match the standard deviation and kurtosis

of the annual change in (log) individual incomes measured by Guvenen et al. (2021).

With the estimated model in hand, we can quantify the role of several aspects of inequality in

the amplification and propagation of business cycles. We do so through counterfactual simula-

tions that eliminate features of the model with heterogeneity that the literature has identified as

potentially relevant for the transmission of shocks. First, we consider a counterfactual in which

the marginal utility of consumption is equalized between the two classes of agents, as it would

be in an economy with complete markets. This is our “no-inequality” benchmark. In this econ-

omy, business cycle fluctuations are less pronounced than in the data. The standard deviation

of GDP growth is 27 percent less than in the data, while that of de-trended hours worked is 36

percent less. Second, we show that most of the reduction in volatility experienced in the more

equal economy is due to the elimination of the steady-state level of inequality, rather than its

cyclicality. An economy in which the marginal utilities of H and S households fluctuate around

the same steady-state level, rather than one with lower marginal utility for the S agents as in the

estimated model, behaves very similarly to the one with identical marginal utilities in all times

and states.

Taken together, these results suggest that the striking cyclical pattern of inequality captured

in figure 1 is a reflection, more than a driver, of the observed features of aggregate business

cycles. This conclusion is consistent with the findings of Berger et al. (2019) and Chang et al.

(2021). While the cyclical variation of inequality appears of secondary importance for the trans-

mission of aggregate fluctuations, its long-run level is key. According to our model, the primary
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channel through which inequality shapes business cycles is through the effect of risk on the

behavior of savers. Quantitatively, this risk is mostly driven by the decline in consumption asso-

ciated with falling to the bottom of the income distribution. In reality, this occurrence is often

associated with unemployment, as discussed by Heathcote et al. (2020) and many others. In

our model, idiosyncratic income shocks are exacerbated by the fact that low-income agents are

hand-to-mouth and do not have access to consumption smoothing opportunities. Relaxing the

assumption that unemployment and other negative income shocks only affect individuals with

no liquid assets, as starkly posited in our model, is an important extension of our framework

that we plan to pursue, which would also help the model to match the evidence on the wealthy

hand-to-mouth presented by Kaplan et al. (2014).

This paper contributes to the literature exploring the macroeconomic implications of house-

hold heterogeneity in models with nominal rigidities. Existing quantitative HANK models with

rich heterogeneity have predominantly been used to study the transmission of specific poli-

cies and shocks. Examples of this line of work include Oh and Reis (2012), McKay and Reis

(2016), McKay et al. (2016), Gornemann et al. (2016), Guerrieri and Lorenzoni (2017), Kaplan

et al. (2018), Auclert (2019), Bayer et al. (2019), Auclert et al. (2018) and Hagedorn et al. (2019).

The solution of these models is typically computationally demanding. Therefore, for simplic-

ity, we build on their simpler two-agent version, which has been progressively enriched to cap-

ture quantitatively relevant propagation channels (e.g. Gaĺı et al., 2007, Bilbiie, 2008, 2018, 2020,

Nistico 2016). Debortoli and Gaĺı (2018) conduct a formal comparison of a two-agent models

and those with a richer structure of heterogeneity. Alternative approaches to simplifying hetero-

geneity and gain analytical insights into the transmission mechanism of these models include

Werning (2015), Acharya and Dogra (2020), Broer et al. (2020), Ravn and Sterk (2020) and Debor-

toli and Gaĺı (2021).

Our work is most related to papers that estimate HANK models using time series data. Au-

clert et al. (2020) concentrate on the role of inattention in replicating both the high average

MPCs at the micro level and the hump-shaped impulse responses to monetary policy shocks

at the aggregate level. These authors also stress the role of investment for the general propaga-

tion of exogenous disturbances. Bayer et al. (2020) show that a medium-scale DSGE, augmented

with heterogeneous households and shocks to taxes and income risk, can explain the medium-

frequency movements in the 10th percentile of the income and wealth distribution. Relative to

them, our primary focus is on exploring the quantitative relevance of household heterogeneity

for the propagation of business cycles, and on disentangling the relative contribution of time-
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varying inequality and risk to the amplification of fluctuations. In this respect, our work is con-

nected to that of Challe et al. (2017), who use an estimated HANK model to isolate the role of

unemployment risk and precautionary saving in the 1991 and the Great Recession, and Berger

et al. (2019), who assess the contribution of heterogeneity to aggregate fluctuations by perform-

ing a “wedge-accounting” exercise.

2 The Model

The model builds on Justiniano et al. (2010), JPT hereafter, and Bilbiie (2018). Its business cycle

structure comes from the representative consumer economy in JPT. It includes nominal rigidi-

ties and a host of real frictions and shocks necessary to fit the aggregate data, as first demon-

strated by Christiano et al. (2005) and Smets and Wouters (2007). This section does not provide

any details on the parts of the model that are shared with JPT, such as capital accumulation.

They are relegated to an online appendix that provides a self-contained description of the entire

model.

Instead, we focus here on two important features added to this familiar framework to ad-

dress the role of income and consumption inequality in business cycles. First, households differ

in their ability to access consumption smoothing opportunities and in the quality of their la-

bor endowments. Second, firms combine the different kinds of labor supplied by households

with capital through a constant elasticity of substitution (CES) production function inspired by

Krusell et al. (2000). The degree of heterogeneity in the model economy is kept to a minimum to

maximize its tractability. Yet, this limited degree of heterogeneity is sufficient to capture some

of the salient cyclical features of inequality and the key channels through which inequality and

idiosyncratic income risk shape business cycles.

The economy is populated by two classes of consumers: H , for hand-to-mouth, and S, for

savers. Hand-to-mouth agents consume their entire disposable income: their MPC out of any

change in after-tax income is fixed at one. The savers are standard permanent-income maximiz-

ers, along the lines of the representative household in typical medium-scale DSGEs. Similar to

those agents, they consume, accumulate capital that they rent to firms and supply labor. Unlike

typical representative agents, though, the savers face the risk of becoming hand-to-mouth. The

realization of this idiosyncratic risk is unpleasant for two reasons. First, the H cannot smooth

consumption. Second, their income and consumption are lower in steady state. Therefore, H

agents tend to be income poor and their marginal utility is higher than that of S agents. As
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a result, the latter engage in precautionary saving to mitigate the adverse consequences of id-

iosyncratic shocks.

S andH agents are also endowed with two different types of labor, which are combined with

capital in a CES production function. According to our estimates of this function, S hours are

complementary to capital in production, whileH hours are substitutes, like skilled and unskilled

labor in KORV, respectively. As a result of this difference in their substitution patters, H work-

ers face a more cyclical labor demand than S agents. The demand for S hours lags behind that

for H work in response to positive business cycle shocks because capital accumulates slowly,

restraining the increase in demand for its complementary labor input. In contrast, H labor is

more readily available for production when demand surges, since it is less reliant on slowly ac-

cumulating capital to be productive. As a result, H wages, hours, and labor income are highly

responsive to the business cycle. They surge in booms, but plunge in recessions. S workers

instead face more stable labor demand conditions, which, together with a relatively inelastic la-

bor supply, produce a smoother labor income. On net, these differences imply that H workers

are more exposed to the business cycle and labor income inequality is strongly countercyclical,

consistent with a growing body of empirical evidence (e.g. Heathcote et al., 2010, 2020, Guvenen

et al., 2017, Patterson, 2019).

In summary, our framework enriches a standard medium-scale DSGE model of business cy-

cles with a stylized theory of earnings, income and consumption inequality. This theory nev-

ertheless captures many of the channels through which inequality affects business cycles that

have been identified in the literature reviewed above. One group of households has higher and

more stable labor income, access to consumption smoothing opportunities and therefore a low

MPC out of transitory income shocks. Another group of households cannot smooth consump-

tion and has lower income that is also more exposed to business cycle fluctuations. In the data,

individuals with these characteristics tend to have low skills and are more likely to experience

unemployment in recessions. This is an important reason why their income is low and cyclical,

their wealth minimal, and thus their MPC is higher. Large literatures have developed models

that capture the underlying mechanisms responsible for the cross-sectional correlation among

two or more of these characteristics. Here, we abstract entirely from those mechanisms, such

as human capital and skill accumulation, labor market frictions leading to unemployment, and

financial market imperfections limiting the opportunity to smooth consumption. Instead, we

take as given an extreme view of the observed correlation: ourH agents have low and very cycli-

cal incomes and a high MPC, while the opposite is true for S households. Even with this extreme
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assumption, our model can match several stylized facts about the interaction between income

and consumption inequality and aggregate fluctuations. Therefore, we consider it a useful labo-

ratory to inspect and quantify some of the channels through which inequality affects the trans-

mission of business cycle shocks, as well as the extent to which business cycles shape observed

inequality.

2.1 Households

There is a continuum of households of two types, H and S, with constant measure θ and 1 −

θ respectively. Households of type S stay S with probability st per period. They face the risk

of becoming H with probability 1 − st. This probability can vary over the cycle according to

the function st = s0 · (Xt/X
∗
t )s1 , whose argument is a measure of the GDP gap defined below.

Households of type H face a probability of switching back to S such that the measure of the two

groups remains constant over time.

Each household in group h = H,S includes a continuum of members indexed by j ∈ [0, 1] ,

each endowed with differentiated labor Lh,t(j) earning a nominal wage Wh,t(j). The instanta-

neous utility of a household of type h = S,H is

uh,t = bt

[
log (Ch,t − ηhCh,t−1) + ϕh

∫ 1

0

Lh,t(j)
1+νh

1 + νh
dj
]
,

where the habit Ch,t−1 is external and household-specific, and bt is an intertemporal preference

shock.

2.1.1 Savers

S households are essentially the same as the representative permanent-income household in

JPT, except for the risk that they face of becoming H. In particular, they all consume the same

amount CS,t, even though they are subject to idiosyncratic risk and their members are endowed

with heterogenous labor. They can save in one-period nominal bonds and are also responsi-

ble for the accumulation of capital. They choose consumption by maximizing the discounted

expected intertemporal utility

US,t = uS,t + βEt [st+1uS,t+1 + (1− st+1)uH,t+1] ,
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subject to the budget constraint

PtCS,t+PtIS,t+BS,t ≤ stςt−1Rt−1BS,t−1+ΠS,t+

∫ 1

0
WS,t(j)LS,t(j)dj+rkt utK̄S,t−1−Pta(ut)K̄S,t−1+TS,t,

where IS,t is investment, BS,t is holdings of government bonds, ΠS,t is the profit accruing to

households from ownership of the firms, TS,t is nominal net lump-sum transfers (or taxes if neg-

ative) and ςt is a shock to the spread between the nominal interest rate set by the central bank,

Rt−1, and the return on capital rkt , as in Smets and Wouters (2007). The different workers in

household S pool their labor income, which explains the integral on the right-hand-side of the

budget constraint. All households of type S also share the interest income from the fraction st of

bonds accumulated in the previous period. The remaining (1− st) share of t− 1 bonds is owned

by today’s H households that were of type S in t− 1. Therefore, it is part of H income, as shown

below.

S households own capital and choose the capital utilization rate, ut, which transforms phys-

ical capital K̄S,t−1 into effective capital according to

KS,t = utK̄S,t−1.

Effective capital is then rented to firms at the rate rkt . The cost of capital utilization is a(ut) per

unit of physical capital. In steady state, u = 1, a(1) = 0 and χ ≡ a′′(1)
a′(1) . In the log-linear approxi-

mation of the model solution this curvature is the only parameter that matters for the dynamics.

The physical capital accumulation equation is

K̄S,t = (1− δ)K̄S,t−1 + µt

(
1−Ψ

(
IS,t
IS,t−1

))
IS,t,

where δ is the depreciation rate and µt is an investment shock. The function Ψ captures the

presence of adjustment costs in investment. In steady state, Ψ = Ψ′ = 0 and Ψ′′ > 0.

The solution to the S problem yields the Euler equation

ΛS,t = βςtRtEt [st+1ΛS,t+1 + (1− st+1) ΛH,t+1] ,

where ΛS,t is the marginal utility of nominal income for the representative household of type S,

which is equal to

PtΛS,t =
bt

CS,t − ηSCS,t−1
.
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Marginal utility is the same for all households of type S due to the assumptions on income shar-

ing described above.1

This Euler equation illustrates how savers engage in precautionary saving due to the idiosyn-

cratic risk of becoming type H. Assume, as will be the case in the steady state’s calibration, that

the marginal utility of income is higher for H than for S. Then, a positive probability of becom-

ingH next period increases the expected marginal utility on the right-hand-side of the equation

compared to the case with no risk, in which that probability is 0. As a result, today’s marginal util-

ity must be higher with than without risk. Consumption must then be lower and saving higher,

given income. In summary, a higher risk of turning from S toH increases desired saving if theH

state is unpleasant, as measured by a higher marginal utility. If this risk rises in recessions, the

resulting precautionary saving motive will be countercyclical. This effect is further amplified

if state H is worse in recessions relative to state S, or, in other words, if inequality in marginal

utilities is countercyclical. Together, the counter-cyclicality of the switching probability and of

inequality result in countercyclical risk. This cyclical pattern of risk is a feature of both the data

and our estimated model, as discussed in section 4.2.

2.1.2 The hand-to-mouth

Households of type H are hand-to-mouth. They consume all their income, which consists of

labor income, transfers and their per-capita share of the return on the bonds accumulated in the

previous period, when a fraction 1− st of them was of type S. Like the S, also the H households

pool all of their income, including the interest income contributed by those that used to be S in

the previous period. As a result, their consumption is

PtCH,t =

∫ 1

0
WH,t (j)LH,t (j) dj + TH,t + (1− st)

1− θ
θ

ςt−1Rt−1BS,t−1.

2.1.3 Wage setting

Households of type h face a demand for their work j of the form

Lh,t(j) =

(
Wh,t(j)

Wh,t

)− 1+λw,t
λw,t

Lh,t,

1For an “island” interpretation of this setup, with more details on the underlying assumptions regarding the trad-
ing of assets, see Bilbiie (2018).
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where λw,t is a wage markup or labor supply shock. Lh,t is the usual CES aggregate of the under-

lying j varieties

Lh,t =

[∫ 1

0
Lh,t(j)

1
1+λw,t dj

]1+λw,t

,

and Wh,t is its minimum price

Wh,t =

[∫ 1

0
Wh,t(j)

− 1
λw,t dj

]−λw,t
.

The aggregates LS,t and LH,t are the labor inputs used by firms in their production, as explained

below.

We assume that the wage for all j workers in households of type h is set by a “representative”

h union that chooses it optimally, given the demand it faces and a Calvo friction. It solves the

problem

max
Wh,t(j)

Et

{ ∞∑
s=0

ξswβ
s
[
Λh,t+sWh,t (j) Πw

t,t+sLh,t,t+s (j) +

−bt
(

log (Ch,t − hCh,t−1) + ϕh
Lh,t(j)

1+νh

1 + νh

)]}

s.t. Lh,t,t+s(j) =

(
Wh,t(j)Π

w
t,t+s

Wh,t+s

)− 1+λw,t+s
λw,t+s

Lh,t+s,

where

Πw
t,t+s =

s∏
k=1

[
(πeγ)1−ιw (πt+k−1e

zt+k−1)ιw
]

is an indexation factor. When making this choice, which is intertemporal due to nominal wage

rigidity, the union weighs the utilities of j workers that are members of households of type h

today and in the future, even if their identities change over time due to idiosyncratic risk. It

follows from this assumption that the income generated by supplying labor of type j in period

t + s, namely Wh,t (j)Lh,t,t+s (j), is evaluated at the marginal utility of income of households

of type h at that time, Λh,t+s. This setup is the same as in Ascari et al. (2017). As a result, the

model features two New Keynesian wage Phillips curves, which govern the supply of the two

labor composites LS,t and LH,t. The marginal rate of substitution between consumption and

leisure that drives wage setting in these equations is of the familiar form

MRSh,t = ϕhbt
Lνhh,t
Λh,t

.
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2.2 Firms

Firms are standard New Keynesian monopolistic competitors indexed by i, subject to a Calvo

price-setting friction. Their production function is

Yt (i) =

{
ωAσt LσH,t (i) + (1− ω)

[
αak,tK

%
t (i) + (1− α)A%tL

%
S,t (i)

]σ
%

} 1
σ

−AtF,

where the parameters σ and % control the elasticity of substitution between inputs and F is a

fixed cost. The stochastic processes ak,t and At represent two forms of technological progress,

capital and labor augmenting. The first is stationary. At is not and it is responsible for trend

growth in the economy along a balanced growth path. Kt (i) is the amount of effective capital

demanded by firm i, so that capital market clearing gives

∫ 1

0
Kt (i) di = (1− θ)KS,t.

Similarly, Lh,t (i) represents the amount of composite labor of type h demanded by firm i,which

is connected to total labor supply by the market clearing conditions

θ

[∫ 1

0
LH,t(j)

1
1+λw,t dj

]1+λw,t

= θLH,t = LH,t ≡
∫ 1

0
LH,t (i) di

and

(1− θ)
[∫ 1

0
LS,t(j)

1
1+λw,t dj

]1+λw,t

= (1− θ)LS,t = LS,t ≡
∫ 1

0
LS,t (i) di.

Total hours worked are then

θLH,t + (1− θ)LS,t ≡ Lt = Lt ≡ LH,t + LS,t

and the aggregate hourly wage is

Wt =
WH,tθLH,t +WS,t (1− θ)LS,t

Lt
.

Total hours and the aggregate wage are the model objects with a direct counterpart in the data

used in estimation, as described in more detail below.

Firms set their prices optimally, given a Calvo friction with indexation and the demand for
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their output

Yt(i) =

(
Pt(i)

Pt

)− 1+λp,t
λp,t

Yt,

where Pt (i) is the price of differentiated good i and

Pt =

[∫ 1

0
Pt(i)

− 1
λp,t di

]−λp,t
is the price of the final good that is assembled according to

Yt =

[∫ 1

0
Yt(i)

1
1+λp,t di

]1+λp,t

.

Variation in the elasticity of substitution in this aggregator, λp,t, is a source of markup shocks.

This structure results in a standard New Keynesian Phillips curve with marginal cost

MCt =
1

ω
A−σt

{
ωAσt + (1− ω)

[
αak,t

(
Kt (i)

LH,t (i)

)%
+ (1− α)A%t

(
LS,t (i)

LH,t (i)

)%]σ%}1− 1
σ

WH,t.

2.3 Fiscal and monetary policy

The model’s fiscal authority chooses government spending, taxes and transfers to balance its

budget every period

θTH,t + (1− θ)TS,t + PtGt = 0.

Transfers are determined implicitly by the rule

IH,t + TH,t
IS,t + TS,t

= τ0

(
IH,t
IS,t

/
IH
IS

)τ1
,

where Ih,t is the pre-tax income of the representative household of type h. This transfer rule

is clearly not a realistic description of actual tax arrangements. However, it provides a flexi-

ble parametrization of the pass-through from pre- to post-tax income inequality, similar to the

“progressivity function” in Heathcote et al. (2017), Ferriere and Navarro (2020), and Auclert et al.

(2018) . This pass-through is one of the features of the model economy that we will vary in the

counterfactual exercises described below. This representation of the transfer function makes the

extent of that variation more transparent, even if it does not allow to map it back into specific fea-

tures of an existing fiscal system. For example, τ1 = 0 corresponds to the case in which transfers

eliminate any existing movement in the ratio of pre-tax incomes, resulting in a perfectly stable
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degree of disposable income inequality. In this case, τ0 parametrizes the resulting constant level

of disposable income inequality between the two types of consumers in the model. Conversely,

τ1 = 1 implies that post-tax income ratios are as volatile as income ratios before transfers, even if

τ0 6= 1 still allows for the fiscal system to reduce the level of inequality in steady state. Finally, the

assumption of a balanced budget implies that government bonds are in zero net supply. Since

they are the only liquid assets in the economy, we are for now focusing on an equilibrium with

no liquidity.

Monetary policy sets the policy rate according to the interest rate rule

Rt
R

=

(
Rt−1

R

)ρR (∏3
j=0 πt−j

π

)φπ (
Xt

X∗t

)φX1−ρR [
Xt/Xt−1

X∗t /X
∗
t−1

]φdX
ηmp,t,

where Xt is GDP, defined as

Xt ≡ Ct + (1− θ) IS,t +Gt,

and X∗t is a statistical measure of potential GDP, obtained using the exponential filter of Curdia

et al. (2015).

2.4 Resource constraint

GDP differs from final output because the latter must also cover the capital adjustment cost, as

shown by the resource constraint

Ct + (1− θ) IS,t +Gt + (1− θ) a(ut)K̄S,t−1 = Yt.

3 Data and Inference

We estimate the model parameters using nine time series that provide information on both the

aggregate economy and the evolution of inequality. The aggregate variables are: the growth rate

of per capita (i) real GDP, (ii) real consumption, and (iii) real investment; (iv) the logarithm of

hours worked, also per capita; (v) the growth rate of real hourly wages; (vi) the inflation rate; and

(vii) the federal funds rate. The inequality variables are the cross-sectional standard deviations

of the logarithm of (viii) (pre-tax) labor earnings and (ix) disposable income, both de-trended.

Appendix A provides details on the data sources and construction of the series used in estima-
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tion. Series (i) to (vii) are quarterly, from 1954:III to 2019:IV. They provide information primarily

on the coefficients of the medium-scale DSGE structure at the core of our model, such as the

degree of nominal rigidities, habit formation, investment adjustment costs, the monetary policy

rule coefficients, as well as the persistence and variance of the shocks.

Series (viii) is only observed at an annual frequency, starting in 1967. It helps to pin down

the elasticities of substitution between the three inputs in the production function, since those

are related to the relative movements of demand for labor of type H and S, given the dynam-

ics of capital accumulation. Figure 2 plots the level of labor earnings inequality together with

its cyclical pattern, which is calculated using a band-pass filter that extracts fluctuations with

periodicities lower than 30 years. The bottom panel of the figure also plots the cyclical behav-

ior of aggregate hours worked, obtained through the same filter, as an indicator of the phases

of the business cycle. The comparison between these two series highlights the strong counter-

cyclicality of labor earnings inequality: it surges when hours fall in recessions and it declines

when hours rise in expansions. Heathcote et al. (2020) document that this counterciclicality in

income inequality is mostly driven by the higher exposure of both the wages and hours of work-

ers with low earnings to business cycle fluctuations, compared to those of workers in the rest of

the earnings distribution. During recessions, workers with low earnings work fewer hours and

earn lower wages, while the wages and especially the hours of all other workers are quite stable.

This correlation between the relative hours and wages of low income workers over the business

cycle suggests that the demand for their labor services is more cyclical than that of other workers.

Our model is consistent with this pattern when labor of type H—the one supplied by workers

with lower income—is more substitutable with capital than that of type S.

Series (ix) is available since 1978, also at an annual frequency. Figure 3 plots the level of this

variable, which has been rising steadily over the sample, together with its cyclical fluctuations

in the bottom panel. Disposable income inequality is also countercyclical, but substantially less

so than pre-tax labor earnings inequality, pointing to the important role of fiscal redistribution.

Together with the information on pre-tax income inequality, therefore, series (ix) is crucial to

identify the parameters that characterize the model’s tax and transfer system.

We characterize the posterior distribution of the coefficients by combining the likelihood

function of the log-linearized model with prior information. The likelihood function is evalu-

ated using the Kalman filter, which can easily handle the mixed frequency (quarterly and an-

nual) of the aggregate and inequality data used in estimation. Conditional on the information

contained in the observable variables, the Kalman filter and smoother also return historical es-
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Figure 2: Labor income inequality: level and cyclical fluctuations. Details on data sources and con-
struction are provided in appendix A. The de-trending of inequality and hours in the bottom panel uses a
band-pass filter that extracts fluctuations with periodicities lower than 30 years.
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Figure 3: Disposable income inequality: level and cyclical fluctuations. Details on data sources and
construction are provided in appendix A. The de-trending of inequality and hours in the bottom panel
uses a band-pass filter that extracts fluctuations with periodicities lower than 30 years.
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timated paths for all the model unobservable variables, including the shocks, which are the key

input in the counterfactual experiments discussed below.

We fix two important parameters using micro information not contained in our dataset.

First, the share of H households (θ) is set to 0.2, consistent with the empirical consensus on the

average marginal propensity to consume out of transitory income shocks (e.g. Souleles et al.,

2006, Parker et al., 2013 and Kaplan et al., 2014). Second, we choose the steady-state probability

with which S agents become H , s0, to be consistent with some key cross-sectional properties of

the annual change in (log) individual incomes. According to Guvenen et al. (2021), the cross-

sectional standard deviation and kurtosis of this variable are 0.51 and 15, respectively. We can

closely match both statistics by setting s0 = 0.987. In addition, we assume that the standard

deviations of labor income and disposable income are observed with some noise. The variance

of this measurement error is set to 1/16 of the variance of the respective series.

The priors on the other coefficients are reported in table 1. They are in line with those

adopted in previous studies, such as Smets and Wouters (2007) and Justiniano et al. (2010, 2011,

2013). For the parameters related to inequality that do not appear in typical medium-scale DSGE

models, we have chosen relatively dispersed priors. For example, the prior on the elasticities of

substitution between inputs in the production function, σ and %, is a Gamma distribution with

mode equal to 1, corresponding to the Cobb-Douglas case, and standard deviation equal to 2.

The prior on the pass-through from pre-tax to disposable income inequality, τ1, is a Uniform

on [0, 2]. The prior on s1, the elasticity of the function determining the probability with which

households switch type with respect to economic conditions, is a (shifted and scaled) Beta dis-

tribution, with mean 0.5 and standard deviation equal to 0.25.2

Finally, we introduce prior information on α, ω and τ0 through priors on three objects. The

first object is the steady-state capital share, whose prior distribution is a Beta with mean 0.33

and standard deviation 0.05. The second object is the cross-sectional standard deviation of log

labor earnings in steady state, whose prior is a Gamma distribution with mean 0.9 and stan-

dard deviation 0.1. The mean of this distribution reflects the average level of inequality in labor

earnings from the top panel of figure 2. This inequality trends higher over our sample, as it is

well-known, but the model abstracts from this trend to focus instead on cyclical fluctuations,

as captured by the de-trended standard deviation in the lower panel of the figure. We consider

levels of steady state inequality closer to those at the beginning and at the end of our sample

2The objective of shifting and rescaling a standard Beta distribution is to define a density for s0 over the support
[−0.4, 0.4], which guarantees that the probability of switching is non-negative.
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in our robustness exercises. Finally, the third object on which we incorporate prior information

is the ratio between the cross-sectional standard deviations of the logarithms of disposable in-

come and labor earnings, as reported in figures 3 and 2. The two series both trend up, but their

trend is similar. As a result, their ratio is around 2/3 across the available sample. Therefore, we

set the prior distribution on this object to a Gamma distribution with mean 0.66 and standard

deviation 0.025.

Table 1: Prior distributions and posterior parameter estimates.

prior posterior

distribution mean SD mode median 5% 95%

production

α KORV share parameter B 0.5 0.25 0.97 0.96 0.93 0.99

ω KORV share parameter B 0.5 0.25 0.48 0.46 0.39 0.55

σ KORV elasticity G 2.56 2 9.38 9.18 7.17 12.97

% KORV elasticity G 2.56 2 0.38 0.40 0.34 0.43

λp SS price markup N 0.15 0.025 0.24 0.24 0.20 0.28

ιp price indexation B 0.5 0.15 0.11 0.12 0.06 0.22

ξp price stickiness B 0.66 0.15 0.80 0.79 0.73 0.83

households and unions

100
(
β−1 − 1

)
discount factor G 0.25 0.1 0.24 0.25 0.13 0.41

hS habit formation (S) B 0.5 0.1 0.96 0.96 0.94 0.97

hH habit formation (H) B 0.5 0.1 0.94 0.94 0.91 0.96

100 logLss SS log hours N 0 0.5 -0.03 -0.05 -0.82 0.76

νS inverse Frisch (S) G 3 2 0.82 1.01 0.60 1.70

νH inverse Frisch (H) G 3 2 0.08 0.15 0.04 0.30

χ util. cost elasticity G 5 1 3.23 3.30 1.94 4.87

Ψ′′ investment adj. cost G 4 1 1.60 1.67 1.25 2.28

1
2

+ 5
4
s1 risk elasticity B 0.5 0.25 0.96 0.94 0.86 0.99

λw SS wage markup N 0.15 0.025 0.15 0.15 0.11 0.19

ιw wage indexation B 0.5 0.15 0.10 0.12 0.06 0.21

ξω,S wage stickiness (S) B 0.66 0.15 0.70 0.68 0.59 0.74
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Table 1: Prior distributions and posterior parameter estimates.

prior posterior

ξω,H wage stickiness (H) B 0.66 0.15 0.86 0.85 0.80 0.88

policy

100 (π − 1) SS inflation N 0.5 0.1 0.39 0.42 0.28 0.57

ρR interest rate inertia B 0.6 0.2 0.77 0.76 0.68 0.81

φπ reaction inflation N 1.7 0.3 1.97 1.96 1.77 2.18

φX reaction gap N 0.125 0.05 0.23 0.21 0.17 0.26

φdX reaction gap growth N 0.125 0.05 0.08 0.08 0.05 0.11

τ0 SS redistribution U 1 0.58 0.35 0.37 0.31 0.44

τ1 cyclical redistribution U 1 0.58 0.21 0.21 0.19 0.23

exogenous processes

100 γ SS tech. growth N 0.5 0.025 0.48 0.48 0.45 0.52

ρz autocorr. neutral tech. B 0.4 0.2 0.22 0.22 0.09 0.37

ρk autocorr. capital tech. B 0.6 0.2 0.98 0.97 0.95 0.99

ρmp autocorr. mp B 0.4 0.2 0.21 0.25 0.13 0.42

ρg autocorr. gov. spending B 0.6 0.2 0.99 0.99 0.99 0.99

ρµ autocorr. investment B 0.6 0.2 0.46 0.56 0.27 0.87

ρζ autocorr. risk premium B 0.6 0.2 0.96 0.95 0.93 0.98

ρb autocorr. disc. factor B 0.6 0.2 0.14 0.14 0.07 0.24

ρp autocorr. price mk B 0.4 0.2 0.98 0.98 0.96 0.99

ρw autocorr. wage mk B 0.4 0.2 0.99 0.99 0.99 0.99

ρmap MA price mk B 0.5 0.2 0.86 0.83 0.73 0.90

ρmaw MA wage mk B 0.5 0.2 0.94 0.94 0.90 0.96

100 σz std neutral tech. IG1 1 1 0.84 0.81 0.71 0.92

100 σk std capital tech. IG1 0.5 1 0.77 0.83 0.68 1.00

100 σmp std mp IG1 0.15 1 0.20 0.21 0.19 0.22

100 σg std gov. spending IG1 1 1 1.51 1.52 1.41 1.64

100 σµ std investment IG1 1 1 2.43 2.55 1.01 3.99

100 σζ std risk premium IG1 0.5 1 0.23 0.23 0.15 0.33
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Table 1: Prior distributions and posterior parameter estimates.

prior posterior

100 σb std disc. factor IG1 0.15 1 0.20 0.20 0.17 0.22

100 σp std price mk IG1 0.15 1 0.16 0.17 0.15 0.19

100 σw std wage mk IG1 0.15 1 0.31 0.31 0.27 0.37

4 Estimation Results

This section discusses some key features of the estimated model. First, we look at parameter

estimates, focusing on coefficients that are not present in representative agent models. Second,

we analyze the cyclical properties of income risk, and compare them to the available micro evi-

dence. Third, we present impulse responses to monetary policy shocks to illustrate how inequal-

ity evolves in response to a typical demand shock, and how its presence in the model changes the

response of other variables. We concentrate on monetary shocks because their propagation has

received a lot of attention in the HANK literature, following the seminal contribution of Kaplan

et al. (2018). Fourth, we examine the sources of fluctuations in the model through a variance

decomposition.

4.1 Parameter estimates

Columns 6 to 9 of table 1 report some properties of the posterior of the model parameters. Most

of these estimates are in line with those in previous studies, such as Smets and Wouters (2007)

and Justiniano et al. (2010, 2011, 2013). The main exception is the degree of habit formation,

which is higher.

Among the parameters related to inequality, the most interesting estimates are those of σ

and %, which determine the elasticities of substitution between inputs in the production func-

tion. Their posteriors imply that labor of type H is a substitute for capital, while that of type S

is complementary with it. These estimates allow the model to match the pronounced counter-

cyclicality of inequality in labor earnings observed in the data. Relative to the estimates of the

equivalent parameters in KORV, our posterior implies a stronger degree of substitutability be-
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tween H labor and capital, which corresponds to a high value for σ. Another important param-

eter is s1, which is estimated to be positive. This implies that the probability of remaining type S

increases in good times, making income risk countercyclical in the estimated model.

4.2 Counter-cyclical income risk

The counter-cyclicality of income risk plays a central role in our quantitative assessment of the

effect of inequality on business cycles, as discussed in section 5. To support the empirical plau-

sibility of that assessment, this subsection shows that the cyclical properties of income risk im-

plied by our estimated model are consistent with the available micro evidence.

Guvenen et al. (2014) provide a wealth of empirical evidence on the cyclical behavior of labor

income risk in the US, based on a large panel of earning histories from the US Social Security

Administration records. Using data from 1978 to 2011, they show that the cross-sectional left

skewness of individual labor income growth is strongly counter-cyclical. Namely, the left tail

of the distribution becomes longer and/or fatter in recessions, as illustrated in their figure 6.

Intuitively, this means that large drops in labor income are more likely in recessions than in

expansions. Qualitatively, this pattern is also present in our model, since H income falls relative

to that of S types in recessions, at the same time as the probability of becoming H increases.

To check more precisely how our estimated model compares with this empirical evidence,

we simulate the labor income dynamics of a large panel of households in our economy. We

already know that the cross-sectional distribution of the level of their income has two points

with mass θ and 1 − θ at the income of S and H types respectively. But if we follow individual

households over time as they switch between the two types, and as aggregate fluctuations buffet

their respective incomes, the resulting histories produce a richer panel of income growth rates,

whose moments can in principle match those in the data. Figure 4 presents the time series of the

skewness of the 1- and 5-year changes in log annual labor earnings from this simulated panel, as

in figure 6 of Guvenen et al. (2014). The aggregate shocks that underlie this simulation are those

that the model estimates to have driven the observed evolution of the observable variables since

1979. The model does not reproduce the fact that the changes in labor earnings have negative

skewness on average. The mechanical reason is that every switch from S to H must correspond

to a switch fromH to S, so as to keep the measure of each type unchanged. And the negative and

positive income changes associated with those switches have the same average size, resulting in

a symmetric distribution of income changes. However, more importantly for our analysis of
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business cycles, the left skewness of the 1- and 5-year changes is strongly countercyclical: it

increases during recessions and tends to recover during booms.3 On average over the recessions

in the sample, the skewness is 0.18 and 0.09 points lower than in the expansions at the 1- and

5-year horizon, in line with the quantitative findings of Guvenen et al. (2014).

This is a remarkable success, given the simplicity of the income process in our model. Intu-

itively, the reason why it works is that it approximates an environment with two main kinds of

labor income changes, as in the parametric process estimated by Guvenen et al. (2014) in their

section 7. In the data. workers who stay in their jobs draw relatively small income changes that

are mostly determined by aggregate conditions. In our model, these are the agents whose type

does not change. In contrast, workers who change jobs draw their new earnings from a much

wider distribution. These are the agents that switch type in our model. The mixing of these two

distributions, together with the especially large negative income changes due to unemployment

spells, give the empirical distribution of individual income changes its negative skew. And the

fact that income declines, including those generated by job loss, are more frequent in recessions

makes that skew countercyclical. In our model, these dynamics are replicated by the fact that, in

recessions, the probability of becoming H increases at the same time as H earnings fall relative

to those of S agents.

4.3 Impulse responses to a monetary policy shock

Figure 5 plots the response of the key macroeconomic variables used in the model’s estimation

to a 25-basis-point surprise cut in the federal funds rate. As in RANK models, and in Structural

VARs, GDP, consumption, investment, hours and inflation all increase. How does heterogeneity

affect this propagation?

Figure 6 provides an important element of the answer to this question. It reports the response

of labor income, hours worked, consumption and disposable income for H and S agents sep-

arately. Before taxes, the labor income of H households responds almost three times as much

as that of the S agents to the boom generated by lower interest rates, as a percentage of their

respective steady state incomes. The same is true for hours worked, whose relative movements

therefore are primarily responsible for the reduction in relative labor income inequality associ-

ated with expansionary monetary policy. In contrast, the responses of disposable income are

much closer to each other, due to the inequality-reducing effect of fiscal redistribution. Never-

3Recall that an increase in the left skewness of a distribution (i.e. an increase in the length and/or fatness of its left
tail) means that its skewness falls since it becomes more negative.
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Figure 4: Model implied skewness of the 1- and 5-year labor income growth of individual earners. The
shaded vertical bars denote NBER recessions.

Figure 5: Impulse responses to a monetary policy shock: aggregate variables. The solid lines are posterior
medians, while the shaded areas correspond to 68- and 95-percent posterior credible regions.
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Figure 6: Impulse responses to a monetary policy shock: income, hours and consumption of H and S

households. The solid lines are posterior medians, while the shaded areas correspond to 68- and 95-
percent posterior credible regions.

theless, H consumption rises about four times as much as that of S agents because the latter

save much of the transitory increase in their income, while the former consume it all. These

results are in line with the empirical findings of Coibion et al. (2017), Slacalek et al. (2020) and

Lenza and Slacalek (2021) for the US and the Euro Area. Overall, the expansion in aggregate

demand associated with lower interest rates, which is representative of how other key demand

shocks are transmitted in the model, makes relative inequality counter-cyclical. The incomes,

hours, and most notably consumption of theH agents increase relatively more than those of the

S agents in good times, reducing inequality. Of course, exactly the opposite is true in response

to negative shocks, since our model is linear.

4.4 Sources of fluctuations

Figure 7 provides information about the drivers of economic fluctuations in the estimated model.

We group those drivers into three categories. Markup shocks include price and wage markup

disturbances; technology shocks comprise labor- and capital-augmenting productivity inno-

vations; demand shocks are investment, risk premium, intertemporal preference, government

spending and monetary policy shocks. Consistent with the typical findings of medium-scale

24



INEQUALITY AND BUSINESS CYCLES

Figure 7: Posterior distribution of the decomposition of the unconditional variance of selected observ-
able variables into three categories of shocks. Markup shocks include price and wage markup inno-
vations; technology shocks include labor- and capital-augmenting productivity disturbances. Demand
shocks include investment, risk premium, intertemporal preference, government spending and mone-
tary policy shocks.

DSGE studies, demand shocks are the main source of fluctuations for most variables, including

GDP growth and inflation. The main exceptions are hours worked and labor income inequality,

for which markup shocks are more prominent. In the case of hours, this result is due to their

pronounced low-frequency trend, which is mainly accounted for by wage markup shocks, as il-

lustrated by Justiniano et al. (2010). In the model with heterogeneity, wage markup shocks also

contribute a low frequency component to labor income inequality, which mostly accounts for

the large role that those disturbances play in the unconditional variance of this variable.

5 Heterogeneity, Inequality and Risk in Business Cycles

In this section, we use our estimated model to quantify the impact of heterogeneity, risk and

inequality on business cycle fluctuations. We do so through a set of counterfactual experiments

25



INEQUALITY AND BUSINESS CYCLES

constructed as follows. First, given the estimated parameters, we obtain the sequence of ex-

ogenous disturbances that, according to the model, were behind the observed evolution of the

economy since 1954:III. Then, we feed these “historical” disturbances into counterfactual ver-

sions of the model that feature different parameter values or equilibrium conditions from those

used in estimation. For instance, we build a version of the model that features no heterogeneity.

The differences between the observed data and those produced in the counterfactual simula-

tions summarize the importance for observed fluctuations of the particular feature of the model

that is modified in the counterfactual. In the example above, this feature is the presence of het-

erogeneity.

Our first experiment gauges the overall role of heterogeneity. It does so through a counter-

factual in which the marginal utility of income of the two types of households is equalized in

every period. Formally, we impose ΛH,t = ΛS,t as one of the model’s equilibrium conditions, as

a substitute for the mapping from pre- into post-tax income given by the transfer function. As a

result, transfers are determined in equilibrium to deliver equal marginal utilities, subject to bal-

ancing the government’s budget. The resulting equilibrium therefore is the one that would be

chosen by a planner who can transfer resources across agents in every period, although not over

time. With the same initial conditions, and the same degree of habit formation, consumption

for the two types would be the same in this equilibrium, resulting in a representative consumer

counterfactual.4

An alternative, seemingly more direct approach to eliminating inequality in the model would

be to set the value of θ, the fraction of H agents, to zero. This restriction would result in a model

with a representative consumer similar to that featured in typical RANK medium-scale DSGEs.

However, it would also have no aggregate output, since production requires a positive amount

of labor of type H in our baseline economy. For this reason, we cannot pursue this approach to

eliminating inequality in the model in our setup.

Figure 8 shows the results of the counterfactual with no heterogeneity in marginal utilities.

Both GDP growth and especially hours worked are significantly less volatile in the model with-

out inequality. For instance, the standard deviation of GDP growth is 27 percent lower in the

counterfactual than in the data. For de-trended hours, this number is 36 percent. More con-

cretely, this means that hours worked would have fallen below trend by “only” two percentage

points during the Great Recession, rather than more than six percentage points as in reality, if

4With unequal initial conditions, this counterfactual leads to equal consumption only over time, as the influence
of those initial conditions wanes. However, counterfactuals that equalize the level of consumption instead of the
marginal utility produce almost identical results.
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Figure 8: No-heterogeneity counterfactual: GDP growth and de-trended hours

fiscal policy had enacted enough transfers to completely eliminate the impact of the recession

on consumption inequality. According to these calculations, the Great Recession would have

been of a similar order of magnitude as the much milder recession of the early 2000s without

inequality, at least in terms of its impact on the labor market. Symmetrically, though, the boom

of the late 1990s would have not been much of a boom if inequality had not declined below its

trend over that period. On net, the observed movements in inequality appear as an important

source of amplification of business cycles, leading to frothier booms and deeper recessions, es-

pecially on the labor market. These results provide an answer the first question that motivates

our paper: Does heterogeneity matter for business cycles? Yes, it does.

Our next set of experiments addresses our second motivating question, by exploring the

mechanisms through which heterogeneity amplifies aggregate fluctuations. In fact, the coun-

terfactual of figure 8 conflates the role of four separate but interacting channels, which have all

been shut down in the economy without heterogeneity: (i) cyclical inequality; (ii) steady-state
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Figure 9: No-cyclical-inequality counterfactual: GDP growth and de-trended hours

(or permanent) inequality; (iii) cyclical idiosyncratic risk; and (iv) steady-state (or permanent)

idiosyncratic risk. Our next simulations quantify the importance of these four channels by shut-

ting them down one at a time, and then turning them on sequentially.

Figure 9 shows the results of eliminating cyclical inequality through transfers that keep the

distance between the marginal utilities of the two types of households constant over time at

its steady state level. The rest of the model is unchanged, including the probability of switching

from one type to the other, which varies over the cycle as in the baseline economy. The top panel

of the figure shows that this simplified model produces essentially the same output fluctuations

as the baseline specification. It indicates that cyclical inequality, in and of itself, has a negligible

quantitative role in the amplification of business cycles.

Surprisingly, hours are even more volatile in the counterfactual economy with constant in-

equality in marginal utilities than in the data, as shown in the bottom panel of the figure. The
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explanation for this result comes from the interaction between wealth effects on labor supply

and heterogeneity. During booms, H consumption rises relative to S, leading to a stronger neg-

ative wealth effect on the labor supply of H workers. In turn, this produces an attenuation of

the overall boom in hours and an increase in labor productivity, given that H workers are less

productive. This mechanism, therefore, loosens the connection between the expansion in total

hours and that in output over the cycle, making the latter relatively less volatile than the former.

Of course, in the estimated model, that connection must be what we observe in the data, since

total hours and output growth are both among the observable variables in estimation. But in

the counterfactual that eliminates the counter-cyclicality of inequality, and hence the relative

wealth effect, this attenuation affect is no longer there. As a result, the volatility of hours tends

to rise compared to that of output in that counterfactual, as we observe in the simulation.

Households in our model differ in steady state, and not only in the way in which their rela-

tive consumption and income move over time. And as in the data, this permanent component

of inequality is large compared to its cyclical fluctuations. To explore its role in the transmis-

sion of business cycles, our next simulation studies the effect of eliminating only the differences

between household types in steady state. This counterfactual is obtained through a redistribu-

tive scheme that equalizes the marginal utility of consumption ofH and S households in steady

state, but not their relative fluctuations. The results of this experiment are presented in figure

10. They demonstrate that steady-state heterogeneity is crucial in the amplification of business

cycles. When we eliminate the steady-state differences in households’ marginal utilities, the

volatility of both GDP growth and hours falls significantly. In fact, the counterfactual with no

steady-state heterogeneity is very similar to that without any heterogeneity.

Figure 11 isolates the role of cyclical risk, by setting the switching probability in the esti-

mated model equal to its steady state value, st = s, and eliminating its dependence on the state

of the business cycle. This experiment indicates that cyclical risk plays a crucial quantitative

role in amplifying output fluctuations. Without it, the standard deviation of GDP growth is 24

percent less than in the data, which is very close to the result of the no-heterogeneity counter-

factual. This is less true when looking at hours, for which the no-cyclical-risk counterfactual

produces fluctuations that are in between those in the data and in the model of figure 8 without

any heterogeneity. The reason for this discrepancy in the output and hours counterfactuals is

also related to the wealth effect on labor supply as discussed above.

Our next experiment studies the importance of the permanent component of idiosyncratic

risk, by setting st = 1 in the estimated model. This value for the switching probability implies
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Figure 10: No-steady-state-inequality counterfactuals: GDP growth and de-trended hours
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Figure 11: No-cyclical-risk counterfactuals: GDP growth and de-trended hours

that households face no risk of changing type, as in two-agent New Keynesian (TANK) models

such as Gaĺı et al. (2007), Bilbiie (2008), Debortoli and Gaĺı (2018) and Bilbiie et al. (2022). The

counterfactual behavior of GDP growth and hours under this assumption is essentially identical

to the red lines in figure 11, which we had obtained by setting st = s. Put differently, idiosyn-

cratic risk induced by a constant probability of switching type has little impact on aggregate

fluctuations. The effects of idiosyncratic risk are large only when this switching probability is

counter-cyclical.

Taken together, these counterfactual experiments suggest that the main source of the no-

table effect of household heterogeneity on aggregate fluctuations is the combination of steady

state inequality and the counter-cyclicality of risk. Savers reduce their consumption to insure

themselves against the idiosyncratic risk of large income drops in the event that they become

constrained—a risk that rises in recessions, as captured by the estimate of the parameter s1.

This view is consistent with the counter-cyclicality of the left skewness of the income growth

distribution documented in section 4.

Table 2 reports the standard deviations of GDP growth and hours in a sequence of counter-

factuals that are complementary to those shown in the figures above. The latter focus on the role

of eliminating some of the sources of heterogeneity present in the baseline estimated model,

one at a time. The table, instead, builds up to the baseline estimated model starting from the no
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heterogeneity counterfactual of figure 8, and adding back increasing amounts of inequality and

risk. The figures and the table provide complementary information because the decomposition

of the role of heterogeneity into different channels is not additive, as these channels interact

with each other.

The second column of the table adds steady state inequality to the no inequality counter-

factual, but with no switching between agents types, and hence no risk. With no risk, even the

large amount of inequality present in the steady state of the estimated model barely affects the

dynamics of output, even though it has a large effect on the volatility of hours. At the margin, a

constant risk of switching types, as in the third column, does not have a discernible effect on the

volatility of either output or hours. But when the probability of switching varies with the cycle, as

in the model of column four, the standard deviation of GDP growth jumps much closer to that of

the estimated model that features all mechanisms, while that of de-trended hours is even higher

than in the data. This is the basis of our conclusion that steady state inequality, together with

cyclical movements in the switching probability, do most of the heavy lifting in amplifying busi-

ness cycle shocks. The addition of cyclical inequality in marginal utilities to the model (column

five) has small effects on output volatility, but it helps to highlight the important quantitative

role of the wealth effect on labor supply in the estimated model. When income inequality is

counter-cyclical, as in the data, H agents become relatively richer than S agents in expansions.

But with lower marginal utility of income, they also supply relatively less labor. In our model,

this supply-side mechanism reduces the overall volatility of hours by a notable amount, even if

its effect on the standard deviation of output growth is small.

As an additional counterfactual, we replace the KORV-like production function with a sim-

pler Cobb Douglas, which we parameterize to match the steady-state factor shares of the esti-

mated baseline economy. With a Cobb-Douglas production function, the demand for H and

S labor move proportionally. Therefore, unlike in the baseline model, H workers do not face a

more cyclical labor demand than S agents, and labor income inequality is not cyclical but con-

stant.5 Figure 12 shows the evolution of annual GDP growth and de-trended hours in the actual

and counterfactual economies. The figure makes clear that GDP behaves very similarly in the

two economies, while hours are a bit less volatile. This exercise confirms the relatively small role

played by the cyclical fluctuations of inequality for business cycles, at least for aggregate output,

speaking directly to the motivating evidence of figures 1 and 2.

5To be precise, this statement is not literally true, given that the labor supply schedules for the two type of agents
are different. But, in practice, the quantitative role of this feature of the model is minimal, and labor income inequal-
ity is essentially flat at its steady-state level in this exercise.
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ΛH = ΛS

Λ̂H,t = Λ̂S,t

ΛH 6= ΛS

Λ̂H,t = Λ̂S,t

s0 = 1

s1 = 0

ΛH 6= ΛS

Λ̂H,t = Λ̂S,t

s0 = 0.987

s1 = 0

ΛH 6= ΛS

Λ̂H,t = Λ̂S,t

s0 = 0.987

s1 = 0.36

ΛH 6= ΛS

Λ̂H,t 6= Λ̂S,t

s0 = 0.987

s1 = 0.36

ΛH = ΛS

Λ̂H,t 6= Λ̂S,t

s0 = 0.987

s1 = 0.36

GDP

growth
1.64 1.65 1.65 2.19 2.25 1.75

de-trended

hours
1.66 2.82 2.82 3.30 2.61 1.65

Table 2: Standard deviations of annual GDP growth and de-trended hours in the counterfactual and
baseline estimated economies. The latter economy is labeled “all inequality.”
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Figure 12: Cobb-Douglas counterfactuals: GDP growth and de-trended hours
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6 Concluding Remarks

This paper developed and estimated a medium-scale New Keynesian model of the business cy-

cle with heterogenous households. Its starting point is complementary to that of the burgeon-

ing HANK literature. Rather than enriching the Bewley/Ayagari model of idiosyncratic income

risk with some of the basic elements of New Keynesian business cycle models, we took a stan-

dard empirical DSGE framework with a host of nominal and real rigidities, and extended it to

accommodate household heterogeneity in a tractable way. Despite its stylized view of hetero-

geneity with only two household types, our model is flexible enough to feature four important

mechanisms that affect the interaction between inequality and business cycles. The first one is

the presence of inequality itself, as agents in the model have different incomes and consump-

tions. The second one is its cyclicality, that is the fact that income and consumption differences

across agents shrink during booms and expand in recessions. The third mechanism is idiosyn-

cratic risk, namely the probability of experiencing large income and consumption drops. And

the fourth is the fact that this probability is higher in recessions.

These four mechanisms are of course also present in economies with more complex dimen-

sions of heterogeneity. But the tractability of our model makes it easier to design counterfactual

experiments that isolate the role of each of these channels in shaping the effect of inequality on

business cycles. We have two main findings. First, taken together, these four channels provide

meaningful amplification of business cycle shocks. Without any inequality and risk, our model

would experience more moderate fluctuations in real activity. Second, most of this amplification

comes from the interaction between the high permanent level of inequality and the cyclicality of

idiosyncratic risk—the first and fourth mechanisms in the list above. The high level of inequality

magnifies the potential losses of the unlucky households who are hit by economic hardship. And

the cyclicality of idiosyncratic risk makes the risk of this hardship more acute in recessions. To

protect themselves against this risk, unconstrained households engage in cyclical precautionary

saving, which amplifies fluctuations.

A Data

This appendix describes the nine data series used for the estimation of the model. The source

of our seven aggregate time series is the FRED dataset, available on the website of the Federal

Reserve Bank of St. Louis. The series are available from 1955:III to 2019:IV, and defined as follows
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(series acronym in parenthesis).

1. Growth rate of real GDP per capita:

100 ·∆ log

[
Gross Domestic Product (GDP)

Population · GDP Implicit Price Deflator (GDPDEF)

]

2. Growth rate of real consumption per capita:

100 ·∆ log

[
Personal Consumption Expenditure: Nondurable Goods (PCND) + Services (PCESV)

Population · GDP Implicit Price Deflator (GDPDEF)

]

3. Growth rate of real investment per capita:

100 ·∆ log

[
Gross Private Domestic Investment (GPDI) + Personal Consumption Expenditures: Durable Goods (PCDG)

Population · GDP Implicit Price Deflator (GDPDEF)

]

4. Logarithm of hours per capita:

100 · log

[
Total Economy: Hours of All Persons

Population

]

5. Growth rate of real hourly wages:

100 ·∆ log

[
Total Economy: Compensation of Employees (W209RC1Q027SBEA)

Total Economy: Hours of All Persons · GDP Implicit Price Deflator (GDPDEF)

]

6. Inflation rate:
100 ·∆ log [GDP Implicit Price Deflator (GDPDEF)]

7. Short-term nominal interest rate:

Effective Federal Funds Rate (FEDFUNDS)

4
,

where the population series used to compute the quantities per capita is the Hodrick-Prescott

trend (estimated with smoothing parameter equal to 1600) of the logarithm of the Civilian Non-

institutional Population (CNP16OV) series. The reason to use this smooth population series is

to avoid the spikes in the original series that correspond to the census years. The series of GDP,
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PCND, PCESV, GDPDI, PCDG and W209RC1Q027SBEA are in current dollars, while GDPDEF is

a chain-type price index that is equal to 100 in 2012. The series of hours worked comes from the

Total U.S. Economy Hours & Employment data file, available on the Bureau of Labor Statistics

website at www.bls.gov/lpc/special requests/us total hrs emp.xlsx.

The remaining two time series measure inequality in labor earnings and disposable income,

and have been constructed using data from the Annual Social and Economic (ASEC) supple-

ment of the Current Population Survey, as reported by IPUMS. Following HPV2020, we drop

households with any member in the armed forces, or having zero or negative ASEC weight, or

reporting no hours worked but non-zero earnings, and households with no reference person or

without any member between 25 and 60 years of age. We then construct the series of household

labor earnings as (IPUMS’s series acronym in parenthesis)

Salary (INCWAGE) + (2/3)·[Non-Farm Business Income (INCBUS) + Farm Business Income (INCFARM)]

Number of Adult Equivalents

and disposable income:
Total Income (INCTOT)− Tax Liabilities

Number of Adult Equivalents
,

where the Number of Adult Equivalents follows the definition in Heathcote et al. (2010). Tax lia-

bilities after 1991 are calculated as the sum of Federal Income Tax Liability Before Credits (FED-

TAX), State Income Tax Liability Before Credits (STATETAX) and Social Security Retirement Pay-

roll Deduction (FICA), minus Earned Income Tax Credit (EITCRED). Before 1991, IPUMS does

not provide tax information, so we compute tax liabilities using Taxsim, which estimates Federal

Taxes (FIITAX), State Taxes (SIITAX, available starting in 1977) and Social Security Retirement

Payroll Deduction (FICA). Accordingly, before 1991, tax liabilities are calculated as FIITAX + SI-

ITAX + FICA. Section A.1 describes how we obtain Taxsim estimates.

After assembling household labor earnings, we compute their inequality as follows. First, for

each year in the sample, we discretize the distribution of labor earnings using its 15th (P15), 35th

(P35), 45th (P45), 55th (P55), 65th (P65), 75th (P75), 85th (P85) and 95th (P95) percentiles. Each per-

centile is assumed to represent a specific pool of households in the population: P15 represents

the 30 percent of households with labor earnings below the 30th percentile, P35 the 10 percent of

households with labor earnings between the 30th and 40th percentiles, and so on. We then take

the logarithm of these percentiles and compute their weighted standard deviation in each year.6

6In the computation of the yearly standard deviation, the logarithm of P15 has a weight equal to 0.3, because
it represents 30 percent of the population; the logarithms of P35, ..., P95 have all weights equal to 0.1, since they
represent 10 percent of the population. Our discretization of the distribution starts with P15, because percentiles
lower that P15 contain zero or negative values in at least one year of the sample. Therefore, we cannot take their
logarithm.
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Given that the resulting time series has a well-known pronounced upward trend that our model

is not equipped to match, we de-trend it using a band-pass filter that extracts fluctuations with

periodicities lower or equal to 30 years. We use an identical procedure to calculate our yearly

measure of disposable income inequality.

A.1 Taxsim estimates

To obtain tax liability estimates from Taxsim, we feed the system with CPS data following the

guidelines provided by the IRS. In particular, the inputs are:

1. mstat: Reporter’s marital status. All reporters are single (mstat=1), unless their spouse is

present in the household (mstat=2). For married couples, the reporter is the household’s

head (RELATE=101) unless their income is 0 (in this case, the spouse (RELATE=201) reports

for the couple).

2. state: Reporter’s state of residency. Whenever CPS identifies reporters within a region

(union of states) rather than individual states, the reporter is assigned to the first state in

the union.

3. swages: Wage of reporter’s spouse (only for those filing together). Spouse’s wage is IN-

CWAGE+INCBUS+INCFARM.

4. depx: Reporter’s number of dependents. All children below age 19 and all children below

age 24 and going to school are dependents.7 Qualifying relatives who make less than $4,300

(in 2020 $) are also dependents. 8 Finally, disabled people living within the household are

dependents.

5. dividends: IPUMS’s INCIDR before 1975 and INCDRT and DIVID thereafter.

6. intrec: IPUMS’s INTREC.

7. otherprop: IPUMS’s INCRENT.

8. nonprop: IPUMS’s INCALIM.

7This is unless the children provide more than 50 percent of their support during the year, in which case they
are independent taxpayers. To identify these cases, we compute the amount spent on a child as 90 percent of the
household income excluding the child’s income divided the number of adult equivalents in the household, times the
adult equivalent weight of the child (the 90 percent follows the personal savings statistics provided by FRED). If the
child makes more than half of this, he/she is an independent reporter.

8We disregard the IRS’s second requirement of not providing for more than half of his/her support during the year,
assuming that the first is more stringent.
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9. pensions: IPUMS’s INCRETIR.

10. gssi: IPUMS’s INCSS + INCWELFR + INCGOV + INCALOTH + INCSSI + INCVET + INCSURV

+ INCDISAB + INCEDUC + INCCHILD.

11. ui: IPUMS’s INCUNEMP.
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