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1 Introduction

The recent literature on Heterogenous Agents New Keynesian (HANK) models has spurred a
renewed interest on the role of heterogeneity in aggregate fluctuations, challenging the decades-
long dominance of the representative consumer as the default assumption of business cycle
models.1 In a standard HANK model heterogeneity is introduced by assuming that households
experience idiosyncratic income shocks which cannot be insured against because of the presence
of financial frictions, in the form incomplete financial markets and borrowing constraints.2

A central implication of HANK models is that the aggregate consumption response to ag-
gregate shocks is no longer a function of aggregate variables alone. Instead, it depends on
the cross-sectional distribution of the marginal propensity to consume (MPC), which in turn
depends on how the distribution of income and wealth evolves over time, which becomes a
state variable driving the business cycle. This theoretical richness, however, comes at the cost
of significant complexity. Solving for the equilibrium of HANK models necessitates the use of
nontrivial numerical methods even in simple setups, an aspect that may obscure the underlying
mechanisms, and is that is often seen as limiting their use in certain contexts (e.g., in policy
institutions or in the classroom).
This raises a fundamental question: is the presence of idiosyncratic income shocks with its

implied emergence of the income and wealth distributions as state variables really needed to
explain aggregate consumption fluctuations? Or is a simpler approximation – focusing solely on
the distinction between constrained (high MPC) and unconstrained (low MPC) households–
suffi cient?
In earlier work (Debortoli and Galí 2025) we argued that a suitably designed Two-Agent

New Keynesian (TANK) model can provide a good approximation to the theoretical predictions
of different versions of HANK models regarding the response of aggregate variables to aggregate
shocks. In TANK models, the absence of idiosyncratic income shocks and, hence, of a time-
varying income and wealth distribution that acts as a state variable, renders those models as
tractable as the benchmark representative agent model, simplifying considerably their analysis
relative to their HANK counterparts.3

Our aim in the present paper is to asses empirically the extent to which observed char-
acteristics of the income and wealth distributions have some predictive power for aggregate
consumption. Several works have argued that distributionl shifts are likely drivers of long-run
growth and other secular trends (see, e.g., Barro (1990) and Mian, Sufi and Straub (2020)).
However, it remains an open question whether the complex distributional mechanics of HANK
are detectable or relevant at business cycle frequencies.
The contribution of our paper is twofold. First, we show how one can derive an approximate

Euler equation for aggregate consumption that is consistent with a generalized HANK model.
The resulting equation can be seen as an extension of the one estimated in Campbell and

1See, e.g. Kaplan et al. (2018) and Auclert et al. (2023) for examples of such models, and Krueger et al.
(2016) for a survey of real business cycle models with heterogeneous agents.

2In the typical HANK model, the previous features are then combined with a supply block that is similar (if
not fully identical) to that characterizing the standard New Keynesian model. In particular, the supply block
assumes monopolistically competitive firms as well as nominal rigidities, thus allowing monetary policy to have
real effects.

3Shabalina and Faia (2024) obtain a similar result for larger family of quantitative HANK models.
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Mankiw (1989) that incorporates additional terms resulting from the presence of idiosyncratic
income shocks and the resulting dynamics of cross-sectional income and wealth distributions.
Secondly, we assess the empirical relevance of changes in the cross-sectional income and

wealth distributions as drivers of aggregate consumption. With that objective in mind, we
first construct cross-sectional statistics for the U.S. income and wealth distributions using the
"real-time inequality" data set of Blanchet, Saez and Zucman (2022), which contains quarterly
estimates of the distribution of wealth and disposable income obtained by combining several
data sources. The same dataset allows us to identify financially constrained ("hand-to-mouth")
households following criteria similar to Aguiar, Bils and Boar (2025). We then conduct two
simple empirical exercises. First, we estimate reduced form Granger causality regressions.
Secondly, we extend the empirical framework of Campbell and Mankiw (1989) to include cross-
sectional distribution statistics as explanatory variables, in addition to aggregate disposable
income and the real interest rate.
We find that cross-sectional distribution statistics have negligible quantitative impact on

aggregate consumption fluctuations across several specifications considered. This contrasts with
the robust and significant role played by current disposable income. The latter finding confirms
existing evidence of hand-to-mouth behavior among a fraction of U.S. consumers, thus lending
support to macro models – like TANK models– that incorporate that assumption. In other
words, once one account for disposable income – which proxies for consumption of hand-to-
mouth agents– the detailed evolution of the income and wealth distribution does not seem to
be relevant for describing aggregate consumption fluctuations.

Related Literature.
Our paper belongs to the large empirical literature on the determinants of aggregate con-

sumption fluctuations, based on Euler equation estimations. Seminal contributions in this area
include Hall (1988), who employs a representative agent framework, and Campbell and Mankiw
(1989), who extend Hall’s analysis by allowing for a fraction of "rule-of-thumb" consumers. We
depart from this literature by shifting the focus toward the role of cross-sectional income and
wealth distributions, drawing on theoretical insights from the recent HANK literature.
A rich body of the empirical literature has documented that aggregate shocks induce signif-

icant movements in the cross-sectional distribution of consumption and income, as well changes
in earnings risk.4 Our paper takes the distributional cyclical movements as given, and tests the
reverse implication: do fluctuations in inequality affect aggregate consumption dynamics?
In this respect, our paper is related to the growing body empirical research has sought

to quantify the macroeconomic implications of household heterogeneity for aggregate macro-
economic fluctuations, using different approaches. Most existing estimates of the role of het-
erogeneity for aggregate fluctuations are obtained with structural approaches, either within
fully fledged HANK models (see e.g. Auclert, Bardoczy, Rognlie and Straub (2021), Liu and
Plagborg-Moeller (2023), Bayer, Born, and Luetticke (2024), Acharya, Gomez, Paciello and
Pristipino (2024)), or more tractable versions (see e.g., Bilbiie, Primiceri, and Tambalotti
(2024)). Other studies, like Chan, Chen, and Schorfheide (2024) adopted instead a more
reduced-form approach, combining macroeconomic aggregates and cross-sectional distributions

4Notable examples are the works of Storesletten et al. (2004), Doepke and Schneider (2006), Guvenen et.
al. (2014), Coibion et. al. (2017), Patterson et. al. (2023), among others. See also McKay and Wolf (2023) for
a survey of recent results about the distributional consequences of monetary policies.
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into a (functional) vector autoregression (VAR) framework. A common result in these studies
is that the contribution of household heterogeneity to aggregate fluctuations is quantitatively
small.
In our work we adopt instead a limited-information approach, exploiting a (generalized)

Euler equation for aggregate consumption, that remains valid in a broad class of models with
heterogenous households. This allows us to assess empirically the role of different dimensions
of heterogeneity, under a limited set of structural assumptions.5 A similar approach is also
adopted by Berger, Bocola, and Dovis (2023), who employ detailed household survey data to
quantify the role of precautionary savings and idiosyncratic income risk in shaping aggregate
consumption volatility. They find that deviations from perfect risk sharing account for a small
fraction of output volatility, which is consistent with our finding of a limited role played by
income and wealth distributions. Relative to that work, the main contribution of our analysis
is to disentangle the role of such distributions versus hand-to-mouth behavior, thus allowing us
to shed light on the relative importance of different mechanisms present in HANK vs TANK
models.

The remainder of the paper is organized as follow. Section 2 describes the theoretical
framework underlying the Euler equation for aggregate consumption which is at the center. In
section 3 we provide a description of the data, followed by reduced form evidence in the form
of Granger causality tests and, finally, empirical estimates of the augmented Euler equation for
aggregate consumption, together with tests of the role of heterogeneity. Section 4 concludes.

2 Heterogeneity and the Euler Equation for Aggregate
Consumption

In this section we review the theory underlying the Euler equation for aggregate consumption
used in the empirical exercise shown below. Our theoretical framework is meant to capture
the main channels through which heterogeneity may affect aggregate consumption in recent
heterogeneous agent models. In accordance with empirical evidence, we allow for positive trend
growth in aggregate consumption.
Consider an economy with a continuum of infinitely-lived consumers, indexed by j ∈ [0, 1].

Each consumer seeks to maximize utility E0

∑∞
t=0 β

tU(Ct(j)) where Ct(j) is an index of the
quantity of goods consumed by j.6 We assume U(C) ≡ C1−σ−1

1−σ , where σ is the coeffi cient of
relative risk aversion. The period budget constraint is given by:

Ct(j) +
Bt(j)

Pt
= Ξt(j)WtNt(j) +Dt(j) + Ft(j)− Tt(j) +

(1 + it−1)Bt−1(j)

Pt

where Bt(j) denotes holdings of one-period nominally riskless bonds yielding an interest rate
it. Pt is the price level. Ξt(j) is a measure of idiosyncratic productivity (expressed in effi ciency

5For instance, our approach does not require to impose assumptions about several factors that are known to
affect substantially the transmission of aggregate shocks in HANK models, such as available assets (liquid vs
illiquid), the incidence of nominal and real rigidities, fiscal policies, the cyclicality of idiosyncratic shocks, etc.

6An additive term representing disutility of labor could be added, allowing for an endogenous choice of hours
worked, without affecting any of the subsequent analysis.

3



units per hour), Wt is the real wage per effi ciency unit, and Nt(j) denotes the number of hours
worked. Dt(j) are dividends from firms’stocks. Ft(j) denotes the (net) cash-flows from the
sales and/or purchases of assets other than bonds, net of any transaction costs. Tt(j) are taxes
paid (net of transfers received). In our stylized framework bonds stand in for liquid assets, to
which the following borrowing constraint applies

Bt(j)

Pt
≥ −Ψt(j)

where Ψt(j) > 0 is the borrowing limit, which is possibly time varying and idiosyncratic. Note
that the inclusion of the term Ft(j) in the budget constraint above allows for the availability of
assets other than bonds (e.g. stocks), which may be subject to their own constraints (e.g. non-
negative holdings) and/or transaction costs on the adjustment of their holdings (thus allowing
for different degrees of liquidity).
Note that in any period we can partition the set of consumers into two subsets on the basis

of whether their borrowing constraint is binding or not in that period. We refer the two types
as unconstrained and hand-to-mouth. Next we discuss their consumption behavior in turn.

2.1 Unconstrained Consumers

Let Ut ≡ {j ∈ [0, 1] : Bt(j)/Pt > −Ψt(j)} denote the subset of consumers for whom the
borrowing constraint is not binding in period t. Then the optimality condition

1 = β(1 + it)Et{(Ct+1(j)/Ct(j))
−σΠ−1

t+1}
must hold for all j ∈ Ut, where Πt ≡ Pt/Pt−1 denotes gross inflation. We assume Ut has measure
1− λt. Henceforth we refer to these consumers as the unconstrained.
As shown in the Appendix, a second-order Taylor expansion of the previous equation along

a balanced growth path in which consumption grows at a rate γ yields the approximate relation:

Et
{

Ct+1(j)

(1 + γ)Ct(j)
− 1

}
=

1

σ

(
1− (1 + γ)σ

βRt

)
+
σ + 1

2
vt(j) (1)

whereRt ≡ (1+it)Et
{

Π−1
t+1

}
is the gross ex-ante real interest rate, and vt(j) ≡ Et

{(
Ct+1(j)

(1+γ)Ct(j)
− 1
)2
}
.

Note that vt(j) is a measure of individual consumption risk which can be approximated by
vt(j) ' vart{ct+1(j)}, the conditional variance of ct(j) ≡ logCt(j). By including the "second
order" term vt(j) we are implicitly allowing its variations to be of the same order of magnitude
as variations in the macro variables of interest, in particular, aggregate consumption and the
real interest rate. In the absence of idiosyncratic income risk, vt(j) = vt = vart{ct+1}, whose
variations are by construction an order of magnitude smaller than those in aggregate consump-
tion, and are thus generally ignored when deriving an approximate Euler equation for aggregate
consumption.
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Integrating (1) over j ∈ Ut we obtain:7

Et

{
CU
t+1|t

(1 + γ)CU
t

− 1

}
=

1

σ

(
1− (1 + γ)σ

βRt

)
+
σ + 1

2
vUt (2)

where CU
t = 1

1−λt

∫
j∈Ut Ct(j)dj and CU

t+1|t = 1
1−λt

∫
j∈Ut Ct+1(j)dj respectively denote average

consumption in period t and t + 1 among households who are unconstrained in period t, and
vUt ≡ 1

1−λt

∫
j∈Ut

Ct(j)

CUt
vt(j)dj is a consumption-weighted average of individual consumption risk

among unconstrained consumers, which in our earlier work we referred to as a risk shifter.
Equivalently, we can write:

Et
{

CU
t+1

(1 + γ)CU
t

− 1

}
' 1

σ

(
1− (1 + γ)σ

βRt

)
+
σ + 1

2
vUt + hUt (3)

where hUt ≡
Et{CUt+1−CUt+1|t}

(1+γ)CUt
. Note that hUt emerges as a result of changes in the composition of

Ut, which imply that some households who are unconstrained at t become constrained at t+ 1,
and viceversa, so that in general we have CU

t+1 6= CU
t+1|t.

Note that variations over time in vUt and h
U
t result from aggregate shocks interacting with

the initial wealth and income distribution, since the latter determines (i) the proximity of
each consumer to his borrowing constraint, which affects his marginal propensity to consume
and his implied consumption risk, and (ii) the measure and identity of consumers that are
unconstrained in any given period. In particular we would expect vUt to be decreasing in the
mean of the cross-sectional distribution of wealth and income, and increasing in its standard
deviation and skewness.8

Log-linearizing (3) around a balanced growth path yields the approximate relation:

Et{∆cUt+1} =
1

σ
r̂t +

σ + 1

2
v̂Ut + ĥUt (4)

where cUt ≡ logCU
t , rt ≡ it − Et{πt+1} and πt+1 ≡ log (Pt+1/Pt), where a "hat" denotes

deviations from steady state values.9 Note that we can rewrite (4) more conveniently as

∆cUt = γ +
1

σ
r̂t−1 +

σ + 1

2
v̂Ut−1 + ĥUt−1 + ξUt (5)

where ξUt ≡ cUt − Et−1{cUt } is the period t innovation in unconstrained consumption. Below we
use equation (5) as a block in the derivation of our empirical equation for aggregate consump-
tion.

7In order to derive (2) we multiply both sides of (1) by Ct(j) before integration. After integration we divide
both sides by CUt . See Appendix for details.

8See Debortoli and Galí (2024) for a discussion.
9As shown in the Appendix, the coeffi cient on the real interest rate equals 1

σ

[
1 + σ(σ+1)

2 vU + σhU
]
which is

approximately equal to 1
σ for plausibly small values of v

U and hU .
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2.2 Hand-to-Mouth Consumers

Let Ht ≡ {j ∈ [0, 1] : Bt(j)/Pt = −Ψt(j)} denote the subset of consumers who are against their
borrowing constraint in period t. Henceforth we refer to these consumers as hand-to-mouth (or
HtM for short). The measure of Ht is denoted by λt. For all j ∈ Ht we have

Ct(j) = Yt(j) + Φt(j)

where Yt(j) ≡ Ξt(j)WtNt(j) + Dt(j) − Tt(j) + it−1Bt−1(j)
Pt

is disposable income and Φt(j) ≡
Ft(j)+ Bt−1(j)

Pt
+Ψt(j) measures the net cashflow from the eventual sales and purchases of assets

(bonds and other) between t− 1 and t. Thus, our formulation implies that the hand-to-mouth
category may also include the wealthy hand-to-mouth, i.e. consumers who cannot issue more
liquid debt, but who may own some less liquid assets which they can sale at some cost.10

Integrating over j ∈ Ht we obtain an expression for average hand-to-mouth consumption
CH
t ≡ 1

λt

∫
j∈Ht Ct(j)dj

CH
t = Y H

t + Φt

where Y H
t ≡ 1

λt

∫
j∈Ht Yt(j)dj and ΦH

t ≡ 1
λt

∫
j∈Ht Φt(j)dj.

Assuming stationarity of ΦH
t /Y

H
t with a mean close to zero we can write the approximate

relation
∆cHt ' ∆yHt + ∆φHt (6)

where yHt ≡ log Y H
t and ∆φHt ≡

∆ΦHt
Yt−1

2.3 Aggregation

Aggregate consumption Ct =
∫ 1

0
Ct(j)dj can be written as:

Ct = λtC
H
t + (1− λt)CU

t

Letting Θt ≡ CH
t /Ct and assuming stationarity of both Θt and λt, we can write:

∆ct ' λΘ∆cHt + (1− λΘ)∆cUt − δ∆λt (7)

where δ ≡ CU−CH
C

= 1−Θ
1−λ is the (normalized) steady state gap between unconstrained and

hand-to-mouth consumption. Though not required in what follows, it is plausible to assume
CH < CU which implies Θ < 1 and δ > 0.
Combining (7) with (5) and (6) we can write

∆ct ' (1− λΘ)γ + λΘ∆yHt +
1− λΘ

σ
r̂t−1 + dt−1 + ξt (8)

where

dt−1 ≡ (1− λΘ)

[
σ + 1

2
v̂Ut−1 + ĥUt−1

]
+ λΘEt−1{∆φHt } − δEt−1{∆λt}

10The coexistence of poor and wealthy hand-to-mouth is a feature of recent HANK models with multiple
assets which seems to be consistent by the evidence as well. See, e.g. Kaplan et al. (2018).
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and
ξt ≡ (1− λΘ)ξUt + λΘ(φHt − Et−1{φHt })− δ(λt − Et−1{λt})

Note that dt−1 collects all the terms that capture the impact of incomplete markets and
idiosyncratic shocks on the anticipated component of consumption growth, and which should
thus be a function of the income and wealth distributions, the model state variables. On the
other hand, the error term ξt in (8) satisfies the martingale difference property by construction,
so that Et{ξtzt−1} = 0 for any variable zt−1 observed in period t− 1.
Equation (8) nests the representative agent model (λt = λ = 0, for all t) as well as two-agent

models with no idiosyncratic risk and a constant debt limit (λt = λ > 0, and dt = ∆φHt = 0 for
all t).
Below we use equation (8) as the theoretical benchmark for our empirical work. In particular,

we seek to uncover the role of variations in the cross-sectional moments of the income and wealth
distributions as a factor behind fluctuations in xt and, hence, in aggregate consumption.

3 Heterogeneity and Aggregate Consumption: Empiri-
cal Evidence

In the present section we present evidence on the predictive power of cross-sectional distributions
of income and wealth. We start with a brief description of the data, followed by reduced from
evidence in the form of Granger causality tests and, finally, empirical estimates of the augmented
Euler equation derived above.

3.1 Data

Our empirical approach makes use of household-level data on wealth and disposable income for
the U.S. economy from the "Real-Time Inequality" data set described in Blanchet, Saez and
Zucman (2022). That dataset combines the information contained in several high-frequency
public data sources, as well as the quarterly national accounts statistics.11

The information contained in that dataset allows us to construct time series for a number
of statistics describing the cross-sectional distribution of disposable income, as well as total
and liquid wealth (net of the corresponding liabilities) for all households, or for a subset of
households meeting some criterion. For both the income and wealth distributions we compute
for each quarter the standard deviation and the skewness (both relative to the cross sectional
mean of the corresponding variable). For the wealth distributions we compute, in addition, the
detrended (log) mean, using a second order polynomial of time to fit the trend.
We use criteria similar to those proposed in Aguiar, Boar and Bils (2025), to identify the

set of hand-to-mouth households in any given period, and compute their average disposable
income, which we use as a proxy for Y H

t in the theoretical framework above.
In addition to the household-level data described above, our empirical analysis also uses

time series for aggregate consumption of nondurables and services and aggregate disposable
income (both expressed in constant prices and per capita terms), the nominal yield on 3-month
Treasury Bills, and the consumer price index for all urban consumers. We use the latter two

11Data can be downloaded from the realtimeinequality.org website.

7



variables to construct a time series for the realized real interest rate, it − πt+1. These macro
data were drawn from the Fred database hosted by the St. Louis Fed.
The data frequency is quarterly and spans the period 1976Q1-2019Q4. We leave out the

COVID episode since it clearly distorts all of our estimates due to the unusual comovements
between disposable income and consumption.

3.2 Reduced Form Evidence

In this section we report some basic reduced form evidence on the role of income and wealth
distributions in shaping the dynamics of aggregate consumption. Table 1 focuses on Granger-
causality tests based on an OLS regression of the first-difference of log of (per capita) consump-
tion on its own lag, as well as the lags of the additional variables listed on each row of the Table.
The (ex-post) real interest rate and the first-differenced log per capita disposable income are
included as explanatory variables in all the regressions. The regressions described in the second
to fourth rows of the Table also include, separately and jointly by turn, the moments of the
income and wealth distributions (denoted by {y} and {w}, respectively). For each specification
we report the corresponding R2 and the p-value for the null of no Granger-causality from the
variables listed in square brackets.
As shown in the first row, lagged interest rates and disposable income growth Granger-

cause consumption growth, with a significance level below 5 percent. By contrast, the statistics
reported in rows two to four point to the lack of predictive power for consumption of the income
and wealth distribution moments, beyond that of the interest rate and disposable income. This
is reflected in inability to reject the null of no Granger causality at conventional significance
levels, as well as in the tiny increase in the R2 statistic resulting from the addition of the
distribution moments.

3.3 Empirical Euler Equations

In this subsection we report estimates of alternative versions of the following equation for
aggregate consumption:

∆ct = α0 + αr(it−1 − πt) + αy∆y
H
t +α′xxt−1 + εt (9)

where ct denotes (log) per capita consumption of nondurables and services, yt denotes (log) per
capita disposable income, it is the interest rate on 3-month Treasury Bills, πt is CPI inflation
between t− 1 and t, and xt is a vector of statistics describing the cross-sectional distribution of
wealth and income at time t. Implicit in the previous specification is the maintained assumption
that one or more of the variables in xt are correlated with dt, i.e. the term in (8) which
captures the impact on consumption of variations in cross-sectional distributions resulting from
the interaction of aggregate and idiosyncratic shocks. Under the previous assumption, xt−1

should have some explanatory power for ∆ct (i.e., αx will be significant) as long as variations in
income and wealth distributions have a non-negligible role in shaping the dynamics of aggregate
consumption, the hypothesis that is the focus of the present investigation. Finally, note that
the error term in (9) can be viewed as a composite of the disturbance ξt in (8) and the surprise
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in inflation, i.e. εt ≡ ξt + πt − Et−1{πt}, with Et{ξtzt−1} = 0 for any variable zt−1 observed in
period t− 1.12

3.3.1 Campbell-Mankiw Revisited

In their seminal paper, Campbell and Mankiw (1989) provided estimates of an Euler equation
for aggregate consumption, allowing for a contemporaneous impact of disposable income. Their
baseline specification was given by

∆ct = α0 + αr(it−1 − πt) + αy∆yt + εt (10)

which can be interpreted as being nested in (9), with first-differenced log per capita dispos-
able income ∆yt as a proxy for ∆yHt , and excluding cross-sectional distribution statistics as
explanatory variables.
In the present subsection we take the previous specification as a benchmark and re-estimate

it for the sample period 1976Q1-2019Q4. Other than the sample period, we follow Campbell-
Mankiw as closely as possible and, in particular, we use lags 2 through 4 of both consumption
growth and the right-hand variables as instruments. Excluding the first lag is justified on the
grounds of potential correlation between εt and it−2 − πt−1, ∆ct−1, and ∆yt−1 due to time
aggregation.
Column (1) of Table 2 reports estimates of a restricted version of (10) with αy = 0 That

specification is consistent with the representative agent model and was originally estimated by
Hall (1988). The estimates of αr are positive and significant at the 1 percent level, in a way
consistent with the theory. Through the lens of the representative agent model the observed
estimate implies a relatively low elasticity of substitution, consistent with a value for σ around
4.
Estimates of the benchmark Campbell-Mankiw model (10) are reported in column (2) of

Table 2. Both the interest rate and disposable income growth display positive coeffi cients. The
estimate of αy suggests that about a third of aggregate consumption is carried out by hand-
to-mouth households. This estimate lies somewhat below the range of estimates reported in
Campbell and Mankiw (1989), but still it points a substantial role for hand-to-mouth behav-
ior. This implies a clear rejection of the representative consumer model. Under the plausible
assumption that Θ ≤ 1, that estimate should be interpreted as a lower bound on the fraction of
constrained households. Interestingly the estimate of αr is little affected by the inclusion of ∆yt
in the estimated equation. Yet, through the lens of the TANK model, αr no longer corresponds
to the elasticity of intertemporal substitution 1/σ, as equation (8) makes clear. Instead we have
1/σ = αr/(1− αy) which is roughly 0.35, corresponding to σ ' 3, a plausible value.
The remaining columns of Table 2 report estimates of an augmented Campbell-Mankiw

regression, with several moments of the cross-sectional distributions of wealth and/or income
included as additional explanatory variables. In none of the three specifications considered
—augmented with wealth moments (column 3), income moments (column 4) and both (column

12Strictly speaking, the previous property will hold under the null of dt = 0 for all t, implying αx = 0.
Otherwise we have

εt ≡ ξt + (πt − Et−1{πt}) + (dt−1 −α′xxt−1)

which may be correlated with lagged variables.
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5)—we find any significant explanatory power for any of the additional variables, as reflected in
the t-statistic for the each individual variable as well as in the p-values for their joint significance.
In these additional regressions the point estimates of αr and αy remain largely unchanged.
An additional perspective on the limited role played by the cross-sectional distribution sta-

tistics as a source of consumption dynamics can be obtained by looking at the correlation
between two times series for fitted consumption growth: one based on the estimated baseline
Campbell-Mankiw regression against one generated by the estimates of each of the augmented
models in columns (3)-(5). That correlation, reported on the bottom row of Table 2, is near
unity for each of those augmented models, suggesting a negligible quantitative role for the
distribution moments. We further illustrate this point by showing in Figure 1 the fitted con-
sumption growth from the baseline model and from the model augmented with both wealth
and income moments corresponding to column (5).13 By contrast, we see that the correlation
between fitted consumption growth from the baseline model and that from the restricted Hall
(1988) model is only 0.61, a much lower value, which highlights the substantial quantitative
impact of current income in shaping aggregate consumption dynamics.

3.3.2 Alternative Estimates using a Measure of Hand-to-Mouth Disposable In-
come

In the previous subsection we have reported estimates of several versions of the Campbell-
Mankiw model. A common feature of all the estimated models, shared by the original Campbell-
Mankiw paper, is the use of the growth rate of aggregate disposable income per capita (∆yt)
as a proxy for the growth rate of average disposable income of the hand-to-mouth (∆yHt ). The
latter variable should clearly be the relevant one according to the analysis above (see equation
(8)), but the fact that it is not readily observed explains the use of its aggregate counterpart
in Campbell and Mankiw (1989) and subsequent applications.
In the present section we re-do the empirical analysis above using an alternative proxy for

∆yHt . We construct our new variable by aggregating household-level disposable income data
for households we identify as hand-to-mouth in each period, using data from the "Real Time
Inequality" dataset described above combined with the criteria set by Aguiar et al. (2025) to
determine to determine who are the hand-to-mouth.
Aguiar et al. (2025) propose two alternative criteria to identify the hand-to-mouth, based

on total wealth and liquid wealth, respectively. Under the first criterion they label a household
as hand-to-mouth if its total net wealth is less than two months of its disposable income. Under
the second criterion hand-to-mouth households are those with net liquid wealth (liquid assets
minus non-mortgage debt) less than one week of disposable income. The first criterion is more
restrictive and can be viewed as selecting "overall poor" households, while the second identifies
as hand-to-mouth also wealthier households with limited liquid assets. We construct measures
of ∆yHt based on each criterion and use them to estimate (8).
While this alternative measure may be a better proxy for ∆yHt than its aggregate counter-

part, it is bound to be measured with error given the unavoidable arbitrariness of the criteria
used to identify the hand-to-mouth. Under the assumption that any measurement error in the

13In order to facilitate a visual comparison, the figure displays year-on-year growth rates, constructed using
fitted quarter-to-quarter growth rates. A very similar picture emerges when the estimated models reported in
columns (3) and (4) are used to fit comsumption growth.
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new constructed variable is orthogonal to aggregate disposable income growth, we can use lags
of the latter variable as instruments.14

Table 3 reports the estimates of (8) using the measure of ∆yHt based on the total wealth cri-
terion. Column (1) shows estimates with no additional distribution-related regressors, whereas
columns (2) through (4) include the moments of the cross-sectional distributions of wealth,
income, and both wealth and income, respectively. The picture that emerges is very similar
to that in Table 2. Firstly, both the coeffi cients on the interest rate and disposable income
growth are positive and significant across specifications, and their values are economically plau-
sible (and in the ballpark of those shown in Table 2). Most importantly for our purposes, the
additional variables are never significant at the 10 percent level, either individually or jointly.
In addition, the correlation of fitted consumption growth from the augmented models with the
same fitted variable generated by the baseline model is near unity in all cases.
Table 4 displays the corresponding estimates using the measure of ∆yHt based on the liquid

wealth criterion. Once again the results are very similar to those shown in Table 3, except for
the fact that the coeffi cients on the interest rate and on the alternative income measure are
estimated much less precisely in all the specifications and are generally shown as insignificant
at conventional levels. On the other hand the moments of the cross-sectional distributions
are always insignificant, and the correlations of fitted consumption generated by the different
specifications are again close to unity, in a way consistent with the evidence above.

4 Concluding Remarks

In the present paper we offer an empirical assessment of the potential role of wealth and income
distributions in shaping the dynamics of aggregate consumption. That role is a hallmark of
recent heterogenous agent models with idiosyncratic income risk and incomplete markets
Our estimates are based on reduced form regressions as well as on estimated Euler equations

for aggregate consumption, both augmented to include moments for the cross-sectional distri-
butions of wealth and income. In all our specifications the cross-sectional moments are shown
to be statistically insignificant and to have a negligible quantitative explanatory power for ag-
gregate consumption. This contrasts with the important role uncovered for current disposable
income, thus confirming (and updating) a central result in Campbell and Mankiw (1989).
Our findings can be interpreted as providing support for the class of tractable TANKmodels.

The latter abstract from the presence of idiosyncratic shocks and the implied role of wealth
and income distributions as state variables, while stressing the importance of hand-to-mouth
consumers.

14Note that this is preferable to using lagged values of ∆yH itself as instruments since the latter would not
be valid in the likely event of persistent (auto-correlated) measurement error. The remaining instruments are
as in the analysis above.
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APPENDIX: Derivation of the Aggregate Euler Equation
Our starting point is the individual Euler equation

1 = β(1 + it)Et

{(
Ct+1(j)

Ct(j)

)−σ
Pt
Pt+1

}
(11)

which we can conveniently rewrite as follows:

(1 + γ)σ

βRt

= Et

{(
Ct+1(j)

(1 + γ)Ct(j)

)−σ Π−1
t+1

Et
{

Π−1
t+1

}} (12)

where Πt ≡ Pt/Pt−1 denotes gross inflation, Rt ≡ (1 + it)Et
{

Π−1
t+1

}
is the gross real interest

rate and γ is the rate of growth for aggregate consumption along a balanced growth path:
Consider the following approximation of the right hand side of (12) for fluctuations in a

neighborhood of a balanced growth path with constant inflation:

(
Ct+1(j)

(1 + γ)Ct(j)

)−σ Π−1
t+1

Et
{

Π−1
t+1

} ' 1 +

(
Π−1
t+1

Et
{

Π−1
t+1

} − 1

)

−σ
(

Ct+1(j)

(1 + γ)Ct(j)
− 1

)
+
σ(σ + 1)

2

(
Ct+1(j)

(1 + γ)Ct(j)
− 1

)2

where we have dropped all the terms whose order of magnitude is smaller than fluctuations in

aggregate variables. In particular, we drop the terms involving
(

Ct+1(j)
(1+γ)Ct(j)

− 1
)(

Π−1t+1
Et{Π−1t+1} − 1

)
and

(
Π−1t+1

Et{Π−1t+1} − 1

)2

.

Taking conditional expectations, substituting into (12) and rearranging we obtain:

Et
{

Ct+1(j)

(1 + γ)Ct(j)
− 1

}
=

1

σ

(
1− (1 + γ)σ

βRt

)
+
σ + 1

2
vt(j)

where vt(j) ≡ Et
{(

Ct+1(j)
(1+γ)Ct(j)

− 1
)2
}
' var{ξt+1(j)} with ξt(j) = ct(j) − Et−1{ct(j)} and

ct(j) ≡ logCt(j).
Rearranging terms:

Et {Ct+1(j)− (1 + γ)Ct(j)} =
1

σ
(1 + γ)Ct(j)

(
1− (1 + γ)σ

βRt

)
+
σ + 1

2
(1 + γ)Ct(j)vt(j)

Integrating the previous equation over j ∈ Ut and dividing by (1− λt)(1 + γ)CU
t

Et

{
CU
t+1|t − (1 + γ)CU

t

(1 + γ)CU
t

}
=

1

σ

(
1− (1 + γ)σ

βRt

)
+
σ + 1

2
vUt

whereCU
t = 1

1−λt

∫
j∈Ut Ct(j)dj, C

U
t+1|t = 1

1−λt

∫
j∈Ut Ct+1(j)dj, and vUt ≡ 1

1−λt

∫
j∈Ut

Ct(j)

CUt
vt(j)dj.

Equivalently, we can write:
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Et
{
CU
t+1 − (1 + γ)CU

t

(1 + γ)CU
t

}
=

1

σ

(
1− (1 + γ)σ

βRt

)
+
σ + 1

2
vUt + hUt (13)

where hUt ≡ Et
{
CUt+1−CUt+1|t

(1+γ)CUt

}
. Note that hUt emerges as a result of changes in the composition

of Ut, which imply that some households who are unconstrained a t become constrained at t+1,
and viceversa, so that in general we have CU

t+1 6= CU
t+1|t.

Note that in the stochastic steady state

1

σ

(
1− (1 + γ)σ

βR

)
+
σ + 1

2
vU + hU = 0

Wealthy households (with high consumption) will have vt(j) < v and hence will experience
lower consumption growth (on average). The opposite will be true for poor households, whose
consumption will tend to grow faster. Consistently with that property, the stochastic steady
state is characterized by a well defined distribution of consumption across households (which
also corresponds to the ergodic distribution of individual consumption).
A first order Taylor expansion of (13) around the stochastic steady state yields the approx-

imate relation in the text:

Et{∆cUt+1} = γ +
(1 + γ)σ

σβR
r̂t +

σ + 1

2
v̂Ut + ĥUt

where cUt ≡ logCU
t and rt ≡ logRt. Note that

(1+γ)σ

σβR
= 1

σ
+ σ+1

2
vU +hU ' 1

σ
for plausible values

of vU , hU and σ, thus justifying the approximate relation used in the text.
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Table 1. Granger Causality for ∆ct

Lagged predictors p-value R2

∆c, [r,∆y] 0.044 0.237

∆c, r,∆y, [{w}] 0.260 0.250

∆c, r,∆y, [{y}] 0.532 0.242

∆c, r,∆y, [{w}, {y}] 0.515 0.256



Table 2. Empirical Euler Equations: Campbell-Mankiw Revisited
Aggregate Disposable Income

(1) (2) (3) (4) (5)

rt−1 0.275∗∗∗
(0.065)

0.225∗∗∗
(0.071)

0.185
(0.115)

0.238∗∗∗
(0.081)

0.204∗
(0.118)

∆yt 0.363∗∗∗
(0.119)

0.355∗∗∗
(0.119)

0.351∗∗∗
(0.119)

0.351∗∗
(0.120)

Wealth
mean 0.001

(0.005)
−0.001
(0.006)

s.d. −0.296
(0.893)

−0.104
(1.039)

skewness 0.070
(0.544)

−0.140
(0.753)

Income
s.d. −1.302

(1.822)
−1.210
(2−301)

skewness 0.364
(0.499)

−0.398
(0.730)

p-value 0.945 0.763 0.984

correlation 0.601 1.00 0.996 0.997 0.996



Table 3. Empirical Euler Equations: Alternative Income Measure
Hand-to-Mouth Disposable Income (Total Wealth Criterion)

(1) (2) (3) (4)

rt−1 0.261∗∗∗
(0.077)

0.154
(0.131)

0.217∗∗
(0.093)

0.218∗
(0.13′)

∆yHt 0.224∗∗
(0.096)

0.241∗∗
(0.117)

0.237∗∗
(0.099)

0.215∗
(0.115)

Wealth
mean −0.005

(0.007)
−0.005
(0.007)

s.d. −0.787
(1.103)

−0.565
(1.136)

skewness 0.042
(0.615)

0.466
(0.878)

Income
s.d. −1.402

(2.018)
−1.847
(2.535)

skewness 0.070
(0.587)

0.161
(0.815)

p-value 0.737 0.350 0.836

correlation 1.00 0.979 0.983 0.979



Table 4. Empirical Euler Equations: Alternative Income Measure
Hand-to-Mouth Disposable Income (Liquid Wealth Criterion)

(1) (2) (3) (4)

rt−1 0.199∗∗
(0.089)

0.104
(0.123)

0.196∗
(0.104)

0.152
(0.115)

∆yHt 0.364∗
(0.225)

0.267
(0.209)

0.326
(0.213)

0.166
(0.192)

Wealth
mean 0.001

(0.006)
0.002
(0.005)

s.d. −1.215
(0.919)

−0.989
(1.018)

skewness 0.385
(0.533)

0.515
(0.913)

Income
s.d. −1.356

(1.983)
0.088
(2.288)

skewness 0.240
(0.572)

−0.164
(0.810)

p-value 0.475 0.664 0.755

correlation 1.00 0.973 0.994 0.917



 

 

 

 

 

 

FIGURE 1 
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