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Abstract

We estimate the unconditional distribution of the marginal propensity to consume
(MPC) using clustering regression applied to the 2008 economic stimulus payments.
By deviating from the standard approach of estimating MPC heterogeneity using in-
teractions with observables, we can recover the full distribution of MPCs. We find
households spent between 4 and 133% of the rebate within a quarter, and individual
households used rebates for different goods. While many observable characteristics
correlate individually with our estimated MPCs, most of these relationships disappear
when tested jointly. Notable exceptions are income and the average propensity to con-
sume, which correlate positively with the MPC. Household observable characteristics
explain only 8% of MPC variation, highlighting the role of latent heterogeneity.
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1 Introduction

Recent research has highlighted the importance of heterogeneity in the marginal propen-
sity to consume (MPC) out of transitory income shocks for fiscal policy and the transmis-
sion of monetary policy.! Despite the importance of the distribution of MPCs, estimates
of this object have been largely elusive. Even with plausibly identified transitory income
shocks, estimating individual-level MPCs requires panel data with long horizons, which
is typically not available; when available, it also usually requires the unappealing as-
sumption that an individual’s marginal propensity to consume is time invariant.”> The
existing literature, therefore, has followed one of two avenues: estimating a fully struc-
tural model and simulating a distribution of MPCs, or grouping observations by some
presupposed observable characteristics and estimating group-specific MPCs out of tran-

sitory income shocks thereafter.’

However, because both of these approaches require
taking a stance on the source of MPC heterogeneity, they may fail to uncover the true
degree of heterogeneity, miss other relevant dimensions of heterogeneity that predict an
individual’s MPC, or both.

In this paper, we estimate the distribution of the MPC directly. We adopt a Gaus-
sian mixture linear regression (GMLR) (e.g., Quandt (1972)), which jointly (i) groups
households together that have similar latent consumption responses to the 2008 tax rebate
and (ii) provides estimates of the MPCs within these groups. Specifically, the algorithm
takes a standard regression of consumption changes on the tax rebate received and basic
controls originally studied in Johnson, Parker, and Souleles (2006) and Parker, Souleles,
Johnson, and McClelland (2013) (updated according to recommendations from Borusyak
et al. (2024)), but allows the coefficient on the rebate to be heterogeneous across unknown
groups; the groups as well as their rebate coefficients are then jointly estimated. The
group structure is parametrically identified from a Gaussianity assumption on the error
terms in the household’s consumption equation, which allows the MPCs to be consis-
tently estimated.

This approach offers four advantages over existing efforts to recover the distribution

of MPC:s. First, it allows us to estimate the full unconditional distribution of MPCs, which

IThe MPC distribution is a crucial object in Heterogeneous Agent New Keynesian (HANK) models of
monetary policy (see e.g., Kaplan, Moll, and Violante (2018) and Auclert (2019)).

Nearly all theories of MPC heterogeneity have some form of state dependence; for example, in Carroll
(1992) the MPC is a declining function of gross household wealth.

3For the former, see for instance Kaplan and Violante (2014) and Carroll, Slacalek, Tokuoka, and White
(2017). For the latter, Fagereng, Holm, and Natvik (2016) exploit randomized lottery winnings to identify
transitory income shocks, and subsequently group observations on observables to estimate group-level
MPCs. See also Johnson et al. (2006), Blundell, Pistaferri, and Preston (2008), Parker et al. (2013), Kaplan,
Violante, and Weidner (2014), and Crawley and Kuchler (2018).



may be driven both by latent factors and observable characteristics, broadly defined; un-
derstanding the range of such a distribution sheds light on whether there is potential
value, in principle, in attempting to target fiscal transfers to households more likely to
spend the funds. Standard methods that rely on sample splitting by observable char-
acteristics can only ever recover the extent to which MPCs co-vary with chosen house-
hold characteristics (as opposed to a marginal distribution) and cannot recover hetero-
geneity in MPCs associated with latent factors (by definition) or different observables.
Second, because our approach does not require taking an ex ante stance on what observ-
ables correlate with MPC heterogeneity, we can “let the data speak” by investigating ex
post which observables predict the recovered individual MPCs. Third, we find a num-
ber of statistically significant relationships between MPCs and observables that sample-
splitting methodologies using the same data failed to uncover, suggesting that our ap-
proach may have a statistical power advantage over sample-splitting. Finally, by estimat-
ing household-level MPCs we are able to project them on various explanatory variables
jointly. By the same token, we can quantify the share of MPC variation explained jointly
by observables.

Our estimation strategy hinges on the fact that clustering algorithms like the one we
adopt assign individuals to groups not based on observable characteristics, but based
on how well each set of estimated group-specific MPCs describe the observed consump-
tion patterns within the group. This feature allows us to bypass the ex ante decision of
which observables matter for MPC heterogeneity, and instead estimate the heterogeneity
directly. GMLR specifies a linear regression model with different regression parameters
for each group or “cluster”. It is a probabilistic clustering approach, in which individuals
are not assigned to groups in a binary fashion, but instead have posterior weights derived
from a Gaussian distribution of regression errors. Conditional on these weights, GMLR
simply represents a weighted least squares (WLS) regression. When the panel dimension
present in “hard clustering” approaches like that in Bonhomme and Manresa (2015) or
Bonhomme et al. (2019) is absent, as is the case in our empirical setting, it is unrealis-
tic to think that group assignment can be determined binarily in the presence of noise,
so such continuous posterior weights are required to represent the level of uncertainty
that exists in the assignment.* Despite this uncertain assignment, GMLR provides esti-
mates for MPCs and unconditional group membership probabilities that are consistent
and asymptotically normal as the sample size grows (e.g., Desarbo and Cron (1988)).

Applying our estimator to study the MPC distribution using the 2008 Economic Stim-
ulus Act, we uncover a substantial degree of heterogeneity. Households spend at least

“We describe in later sections why a panel structure is neither possible nor desirable in our application.



4% of the rebate within one quarter, with some households displaying an MPC above
one. Generally, the share of households with a particular MPC declines as the MPC in-
creases. We show that the range of estimated MPCs we uncover is larger than what one
can recover by interacting the rebate with household observables.

We next estimate the distribution of MPCs for specific spending categories. For non-
durable expenditures, we find a lower bound for the MPC of 9 cents on the dollar. On
the other hand, spending on durables is dichotomous, with a nontrivial fraction of house-
holds not spending any of the rebate on such goods, and a significant share spending the
majority of the rebate on these items. Finally, since our approach provides household
level, good-specific MPCs, we compute their cross-correlation. We find that households
with higher nondurable MPCs also display higher durable MPCs, although the correla-
tion is weak (0.13).

Having characterized the distribution of marginal propensities to consume, we re-
cover observable drivers of the distribution. Historically, the literature has found mixed
empirical evidence and generally weak relationships between MPCs and observable house-
hold characteristics, with the possible exception of liquid wealth.” Our results suggest
that this may be due to a loss of statistical power when re-estimating the MPC with inter-
actions or sample splits. Our estimated MPCs are significantly correlated, individually,
with many observable drivers, despite the fact that we use the same dataset and a similar
identification strategy that previously delivered insignificant relationships. For example,
we find that homeowners have significantly higher MPCs than renters, and households
with a mortgage display even greater marginal propensities to consume than outright
homeowners. These correlations hold for all expenditure categories that we consider.

Our estimates for household-level MPCs also allow us to study multivariate relation-
ships without further losses of power. Only two observables are systematically robust to
the inclusion of additional regressors and positively correlate with MPCs: households’
income and their APC. The income relationship holds for both salary and non-salary (in-
cluding transfer, retirement, and business or investment income) components. The exist-
ing empirical evidence on this relationship is mixed; in line with our results, Kueng (2018)
also finds that high-income households have higher MPCs in Alaska Permanent Fund
data, and suggests that this behavior could be explained by theories of near-rationality.
Examining how MPCs vary jointly with income and the APC, we uncover three groups of
households. “Poor-savers”, with low total income and a low APC, have the lowest MPCs.
Households with high total income and a low APC, or vice versa, display intermediate

SParker et al. (2013) find statistically insignificant differences by age, income, and liquid wealth. Broda
and Parker (2014) and Fagereng et al. (2016) find significant relationships for the latter.



marginal propensities to consume. The greatest MPCs are found among “rich-spenders”,
who not only have high total income, but also typically spend a large portion of it. This
group of households has not received much attention in models of consumption and sav-
ings. Since we do not have reliable data on liquidity, one possibility is that this group
is made up of wealthy-hand-to-mouth as in Kaplan and Violante (2014); however, our
results indicate that those households would also need to have high APCs.

Importantly, our best array of observable predictors is able to explain at most 8% of
the variation in estimated MPCs. With the vast majority of heterogeneity unexplained
by standard observables, a substantial portion of MPC heterogeneity may be driven by
latent household traits. For example, heterogeneity in discount rates and/or intertempo-
ral elasticities of substitution (as in, e.g., Aguiar, Bils, and Boar (2025), henceforth ABB)
would deliver heterogeneity in MPCs, and is further supported by the aforementioned
significance of APCs in predicting MPCs, as APCs can also be a function of the same un-
observed traits. This type of unobserved heterogeneity could never be recovered by sim-
ply splitting the sample on observable characteristics and estimating within-subsample
homogeneous MPCs, as is typically done in the literature.®

Having established empirical measures for the correlations of MPCs with observables
and the fraction of the MPC variation explained by observables, we turn to evaluating
how well leading theoretical models align with these findings. The final section of our
paper examines how various models from ABB, incorporating both observable and un-
observable heterogeneity, perform against our empirical benchmarks. After constructing
the counterparts of our key empirical moments in their models, we show that preference
heterogeneity, as modeled in ABB, brings canonical consumption-savings models signif-
icantly closer to our empirical findings. This is because preference heterogeneity reduces
the share of MPC variation that observables such as income can explain, and weakens the
negative correlation between MPCs and income found in simpler models. However, more
sophisticated forms of unobserved heterogeneity — or alternative theoretical channels —
are necessary to generate the positive correlation between MPCs and income that we re-
cover in the data. We further demonstrate that applying GMLR to the model-simulated
data recovers values for our key moments that align with the model-implied moments,
validating our empirical approach.

Our results have several important policy implications. First, we find that the 2008

Economic Stimulus payments increased spending for all households, at least in partial

®This is true unless preference heterogeneity is explicitly elicited in survey questions so that it can be
used as an observable control. Using Nielsen panel data, Parker (2017) finds that the MPC out of the tax
rebate is indeed strongly correlated with a self-reported measure of impatience.



equilibrium. Second, the fact that we uncover considerable MPC heterogeneity suggests
that, in principle, aggregate spending could be further increased by targeting fiscal trans-
fers to high MPC households. Our significant correlations suggest that it may be desirable
to target relatively higher-income households to maximize the aggregate consumption ef-
fects of stimulus checks. This is true whether salary or non-salary income is considered;
in the latter case, the higher income group includes those receiving transfers, retirees, and
entrepreneurs.” Nevertheless, such a strategy may imply a tension between the stimulus
and relief/insurance motives of lump-sum transfers.® However, since we find that ob-
servable characteristics predict little of the variation in MPCs, it is likely that any attempt
at targeting will only exploit a limited share of the overall variation in MPCs, given the
information available to fiscal authorities.

Our paper is related to an extensive literature estimating the marginal propensity to
consume out of transitory income shocks, and a smaller, complementary literature exam-
ining how it varies across households. In addition to the aforementioned strategies, some
papers have used the “reported preference” approach, eliciting MPC heterogeneity di-
rectly from responses to survey questions. Recent examples include Sahm, Shapiro, and
Slemrod (2010), Jappelli and Pistaferri (2014) and Fuster, Kaplan, and Zafar (2018). Com-
plementary to this approach, we flexibly estimate observed and unobserved MPC hetero-
geneity instead using realized spending. In this respect, Misra and Surico (2014) is closest
in spirit to our work. They estimate a quantile regression of consumption responses to the
2008 tax rebate using the same data, and find substantial heterogeneity. However, quan-
tile regression estimates the role of regressors at specific points in the overall conditional
distribution of the dependent variable. In Supplement B, we show how this approach is
sensitive to the correlation of MPC heterogeneity with other forms of heterogeneity, since
other factors may be quantitatively larger drivers of the conditional distribution of con-
sumption than the tax rebate. Our results also relate to a burgeoning literature that has
turned its attention to unobserved household traits and preference heterogeneity; they
corroborate the importance of this dimension, recently highlighted by Alan, Browning,
and Ejrnaes (2018), Parker (2017), ABB, and Gelman (2019).

The paper proceeds as follows. In Section 2 we outline our empirical strategy based

’Stimulus checks were phased out for households whose income was above $150,000 ($75,000 for single
filers), implying that higher earners did not receive the rebate. Thus, the positive correlation of MPCs with
total income are limited to households within the income range of stimulus checks recipients.

8Shapiro and Slemrod (2009) find that low-income individuals were more likely to use the 2008 rebates
to pay off debt. Similar patterns have been observed for the CARES act transfers in 2020, see Armantier
et al. (2020). Our analysis focuses on the consumption effects of fiscal transfers but is consistent with a
potential distributional trade-off. See Kosar et al. (2023) for a theoretical framework which rationalizes this
finding.



on the 2008 tax rebate. In Section 3, we describe in detail our clustering approach, which
allows us to identify and estimate our empirical specification. Our results are outlined in
Section 4, where we provide estimates of the distribution of MPCs for various consump-
tion categories. Section 4.3 discusses observable characteristics that are correlated with
the estimated MPCs. Section 4.4 discusses the implications of our empirical results for
consumption-savings models and policy. Section 4.5 shows the longer-run consumption

responses to stimulus checks. Section 5 concludes.

2 Empirical methodology

In order to estimate the marginal propensity to consume, and how it varies across house-
holds, we consider an off-the-shelf, well-identified, quasi-natural experiment: the 2008
Economic Stimulus Act (ESA), as studied originally by Parker et al. (2013). Between April
and July of 2008, $100 billion in tax rebates was sent to approximately 130 million US tax
filers.” Importantly, the timing of rebate receipt was determined by the last two digits of
the recipient’s Social Security Number (SSN), making the timing of receipt random. As
in Parker et al. (2013), we exploit the randomized timing of the rebate receipt, but instead
estimate heterogeneous marginal propensities to consume rather than a homogeneous
marginal propensity to consume.

Our data come from the 2008 Consumer Expenditure Survey (CEX), which contains
comprehensive and detailed measures of household-level consumption expenditures. Since
we observe expenditures, rather than consumption, our MPCs are in fact marginal propen-
sities to spend, as is common in the empirical literature and as recently discussed by Laib-
son, Maxted, and Moll (2022). The 2008 CEX wave also has supplemental questions on
the ESA, including the amount of each stimulus payment received. While CEX expen-
ditures are reported at the quarterly frequency, new households enter the survey at each
month, making the frequency of our data monthly. Each household is interviewed up to
four times and reports consumption expenditures during the three preceding months. We
defer to Johnson et al. (2006) and Parker et al. (2013) for a detailed description of the data.
Since we depart from Parker et al. (2013) by allowing for treatment heterogeneity and in-
corporating recommendations from Borusyak et al. (2024), we present their homogeneous

specification first as a useful benchmark, introducing our generalizations thereafter.

We defer to Parker et al. (2013) and Sahm et al. (2010) for an exhaustive discussion of the Economic
Stimulus Act.



2.1 Homogeneous MPC

Parker et al. (2013) consider the following specification:

where AC; is the first difference of consumption expenditures for j = (i, t), correspond-
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ing to household i in quarter t,and j = 1,..., N.”” w; is a set of controls including month

dummies aimed at absorbing common time effects such as aggregate shocks, as well as

seasonal factors.!!

« is a constant, and u; the error term. The independent variable of
interest is R;j, which denotes the amount of the tax rebate received by each household.
A is then interpreted as the causal effect of the rebate on expenditures. Identification is
achieved by instrumenting the rebate value with an indicator for whether the rebate was
received during the relevant quarter, so that the estimator implicitly compares expendi-
ture changes of households that received the rebate in a certain period to expenditure
changes of households that did not receive the rebate in the same period. Instrumenta-
tion avoids possible correlation between rebate value and the error term (since payments

depended on income and household size, for instance).

2.2 Heterogeneous MPCs

We depart from the homogeneous specification in Equation (1) and allow for heterogene-
ity in expenditure responses to the tax rebate across households. In particular, we aug-
ment the specification in Parker et al. (2013) as follows:

G
g=1

where d;; = 1[j € g| is an indicator that takes a value of 1 if household j (household i
in period f) belongs to a certain group ¢ = 1,...,G and ¢; is the error term. That is, we

assume that heterogeneity in responses to the rebate can be summarized with G distinct

19To maintain consistent notation throughout the paper, we refer to j as the (i, t) combination of house-
hold 7 in quarter ¢. While we have information on the same households i in different periods ¢, as in Parker
et al. (2013), identification is not obtained by comparing individual responses over time, but rather by com-
paring those who do and do not receive a rebate within a given period. We do not exploit any limited panel
structure, except to construct consumption changes for the left-hand-side variable AC; and other objects.
We return to this point below.

UIn Parker et al. (2013), the other controls are age, change in number of adults in the household, and
change in the number of children in the household. The controls we use are the same, additionally including
age squared, as in Misra and Surico (2014).



groups, characterized by the pair of coefficients {ag, A¢}. We include group-specific in-
tercepts, ag, to correctly interpret A¢ as a marginal propensity to consume. For example,
since we do not observe quarterly changes in income, failing to include group-specific
level effects may bias MPC estimates due to heterogeneity in income changes unrelated
to the tax rebate.

Recently, Borusyak et al. (2024) have argued that specifications like (1) may fail to iden-
tify (functions of) treatment effects in event studies with staggered treatment, particularly
in the presence of heterogeneity, due to “forbidden comparisons” between newly treated
and previously treated units. In practice, we modify (2) following their recommendations,

and instead estimate

G 2
AC] :,B/(U]—l— Zld]g (lZle)ng—l—(Xg) —|—€],]:1,,N, (3)
g= =0

Vg:l,...,G, E [6] | a)j,l]'l,jeg] :0,

where ;; is an observable indicator that takes a value of 1 if household j received the
rebate exactly | periods ago. In contrast to (2), this specification regresses consumption
changes directly on the rebate indicators, ¢ (interacted with group membership), and
includes lagged rebate indicators to account for lagged effects of the rebate, ensuring
valid comparisons. We include the maximum number of lags, which in our data is 2, since
household expenditure changes are observed at most for 2 quarters after rebate receipt.
We further assume that the usual conditional mean zero assumption holds separately
within each group for the error term, €;, and later will also assume that €; is normally
distributed within each group. (3) is a special case of equation (4) in Borusyak et al.
(2024), where heterogeneity takes the grouped structure described above. Borusyak et al.
(2024) show that if there are no anticipation effects and (3) is correctly specified, then
the associated OLS estimator is the unique efficient unbiased estimator for the treatment
effects. As in Borusyak et al. (2024), we report coefficients A, re-scaled by the average
rebate amount, R, to measure MPCs in per-dollar terms.

Crucially, we treat group membership, dj, = 1[j € g] , as an unknown object that is
to be estimated, as explained in the next section. Group membership is binary and pre-
determined, meaning that groups, and thus MPCs, are discrete. We do not force group
membership for household i to be fixed across t; even if individuals” preferences are con-
stant, the MPC may be time-varying, due, for instance, to changes in state variables such
as income and wealth. The model in (3) imposes no restrictions on the relationship be-



tween heterogeneity in Aj, and the variables in wj, or any other excluded variables. In-
deed, we avoid specifying such relationships (nor do we need to) for the purposes of
estimating A = {/\lg,l =0,...,2,¢=1,..., G} for two reasons. First, excluding poten-
tial determinants of the MPCs from (3) means that when we estimate the distribution of
MPCs, the heterogeneity we recover represents the full unconditional distribution; this
includes variation that may be correlated only with unobservable characteristics, as well
as that which may be correlated with excluded observables. Second, leaving relationships
with observables unspecified in (3) allows us to explore such relationships more flexibly
ex post. In particular, we can easily project a single baseline MPC distribution on a range
of arrays of linear and nonlinear functions of observables. In the next section we discuss

our clustering methodology to jointly estimate A and dj, = 1[j € g].

3 A clustering approach to MPC estimation

To estimate group-specific MPCs according to (3), we appeal to Gaussian mixture linear
regression, which is a form of clustering regression. In general, clustering methods have
the advantage of assigning individuals to groups not based on observable characteristics
or the econometrician’s judgment, but based on how well each set of estimated group-
specific parameters (intercepts and MPCs in our case) describe the observed outcomes
(consumption changes in our case) for each individual. This feature allows us to bypass
the ex ante decision of which observables matter for MPC heterogeneity, and instead es-
timate the heterogeneity directly first. In other words, it allows us to estimate the full
unconditional distribution of MPCs, including heterogeneity associated with unobserv-
able characteristics.'?

Gaussian Mixture Linear Regression The model (3) can be rewritten more compactly
as

G
AC]' = Z djglpg Xj + €j, (4)
g=1

12As an alternative to clustering approaches, quantile regression is used by Misra and Surico (2014) to
characterize heterogeneous responses to the 2008 tax rebate. Quantile regression differs from clustering;
because quantile regression computes relationships at percentiles of the overall conditional distribution, the
estimated MPC distribution depends on the correlation of MPCs with other forms of heterogeneity. If the
“ranking” of the conditional distribution is mostly driven by factors other than responsiveness to the rebate
(like fixed effects or other covariates), and these factors are uncorrelated with the rebate, heterogeneity of
the MPC distribution will be underestimated in the presence of noise. We provide a simple example in
Supplement B.



where Xj = ( L o g tp wj />, , 1ng collects ag, Agg, Mg, Aag, and S, and the elements
of 1p§ corresponding to w; (B) are restricted to be constant across g. In this section, we
include the G superscript on gbg and other parameters to make explicit the dependence
of the parameter values on the specified number of groups; we omit the G superscript
subsequently for compactness. We assume that the errors €; are Gaussian i.i.d. with mean
zero and variance (ng for group ¢ € G. Let the G x 1 vector ¢© collect (7§ across groups. Let
ng denote the unconditional probability that any observation belongs to group g. More
specifically, ngG is the share of individuals in the population belonging to each group, or
E [djs]. As is standard, we assume that these prior probabilities, 774, are independent of

observables in x.'* Finally, ¢ (AC]-,' gbgc/xj, (ng) is the normal probability density function

evaluated for mean 1ng/x]- and variance 0’;. Then the complete-data likelihood (i.e. where

group membership d;, is known with certainty) is

L (AC,X,D;6°) = ]N[ ]E[ (ng)djg ¢ (G4 x;, ag%)dfg, (5)

j=1g=1

where D collects djg, and 6€ collects ¥€, ¢©, and ng across groups. Since djg are latent
variables, L cannot be maximized directly. Intuitively, this means that if a household be-
longs to group g, then AC; is normally distributed with mean 1p§/xj (which is equal to
the untreated potential outcome, a; + 'wj, plus the appropriate-horizon MPC A,,if treat-
ment has already occurred) and variance 0';. We are assuming that there are essentially G
different populations (each normally distributed) with different MPCs and fixed effects,
and the econometrician does not know ex ante to which population any observation be-
longs. As a result, we maximize the expected log-likelihood. Integrating £ = log L over
dj, (conditional on (ACj, x;)) yields

1o (6) = Eppacx [£(8C, X, 036)] = 12 35 7 (log € + log s (AC59x;,02)),

j=1g=1
(6)

where ( >
iS¢ (AC; YS x;, 02
g jr¥g Xj: g
Tig =Pr(djg =1|AC;,x}) = ¢ / (7)
Y1 ”E‘P (ACJ'? ‘/JhG Xjs ‘7}%)

13As a robustness check, we additionally consider a group membership function that depends explicitly
on observable characteristics in Supplement A.5; the results are nearly identical to our baseline.
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are the posterior weights. These weights, and in particular their deviations from binary
values, represent the econometrician’s uncertainty about an individual’s group member-
ship due to noise in the consumption equation; latent true group membership is discrete
and fixed for each observation, not probabilistic. The posterior probabilities are condi-
tional on the information contained in AC; and x;; while additional covariates may be
available (as we consider in subsequent regressions on observables), and including those
observables in an expanded conditioning set might lead to different posterior probabil-
ities, 7y, provides valid posterior probabilities conditional on the information that is in-

cluded in the model. Thus, ¥© can be obtained by maximizing

i N G L
lfP <TG/UG> — Zl Zlfy]-g log(p (AC]-; 1}7? Xj, 0'g>
J=18=
N
N G 1 (ACJ' Y xj)
— ’)/ 10 - 4
];g;l s |8 \/ 2702 20¢

which omits the portion of the expected log-likelihood that depends only on nf yon ﬂg.
Conditional on 7, and ¢© , this implies minimizing

N G , 2

J=LE=

with respect to ll)g. When (75 = 02, and 7Yjg is left unrestricted (as opposed to the Gaus-
sian posterior probability in (7)), minimizing jointly over v;, (-) and YC delivers the “hard
K-means” algorithm considered by Bonhomme and Manresa (2015).'* In this algorithm,
each observation would have binary weights (7;, € {0,1}), equal to one for whichever
group minimizes its residual. This approach has two drawbacks in our empirical appli-
cation. First, our setting is effectively cross-sectional as in Parker et al. (2013), because
households receive the rebate only once and identification of MPCs is obtained by com-
paring those who do and do not receive a rebate in a given period. As such, we do not
have a panel dimension to reduce (and asymptotically eliminate) estimation error in the
group assignment. Therefore, the econometrician ought to treat the assignment of house-
holds to groups as probabilistic — representing the uncertainty introduced by €; — even
though the data-generating process entails binary assignment. Second, even if it was pos-
sible to exploit a panel dimension, it is overly restrictive to force group membership for

4See Lewis et al. (2023) for a “possibilistic” “fuzzy” approximation to the hard K-means assignment.
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household i to be fixed across t (as required by Bonhomme and Manresa (2015)); indeed,
MPCs may be time-varying, due, for instance, to changes in state variables such as income
and wealth.

In practice, given that the expected log-likelihood in (6), and the subsequent objec-
tive in (8), involve Yigr which depends on an P 7'[? ,¥C, and ¢©, the model is estimated
using the Expectation-Maximization (EM) algorithm (e.g., Dempster et al. (1977)), where
the E-step updates the posterior weights 1y, conditional on a set of parameters and the
M-step updates nf P ng, YC, and ¢© as in WLS. For a detailed discussion of the GMLR
problem and its implementation via the EM algorithm, see Desarbo and Cron (1988) or
Jones and McLachlan (1992). To minimize reliance on initial conditions, we maximize the
objective for 2,500 different start values and then keep the solution associated with the
highest log-likelihood.

An advantage of the GMLR approach to regression-based clustering is that asymptotic
properties of the estimator (consistency and asymptotic normality) follow immediately
under regularity conditions from standard maximum likelihood results. This means that
analytical inference on ¥° (and other parameters) is straightforward, even though infer-
ence on an individual’s posterior group membership probabilities 7y;, — which are a func-
tion of the realized error €; —is not possible. Desarbo and Cron (1988) provide a discussion
of these inference results; we use the Fisher Information for inference on ¥&.1> Identifi-
cation of the mixture components follows from the parametric specification of the model,
which, conditional on the number of mixture components, allows the econometrician to
distinguish Gaussian variation in the errors, which lack first-order group structure, from
variation in the conditional mean, which possesses group structure. Unfortunately, we
are not aware of any identification results for mixture models without a panel dimension,
as in our dataset, that do not leverage parametric structure on the errors as GMLR does.
However, in addition to our empirical analysis below, we have also conducted a robust-
ness exercise based on a non-parametric estimation approach, fuzzy clustering regression,
that does not impose parametric assumptions, but is only consistent for pseudo-true pa-
rameters as a result (see Lewis et al. (2023) for a discussion). The results are similar to
our baseline, and we conclude that they are not particularly fragile with respect to our

parametric assumptions.

Choosing the number of groups In all clustering models, it is necessary to choose G,

the number of groups; we use the Bayesian Information Criterion (BIC). In particular, the

15For a more detailed discussion of inference in Gaussian mixture models in general, see McLachlan and
Basford (1988).
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BIC for a candidate number of groups, G, is given by
BIC (G) = kyg log N — 21, (8S),

where ky¢ is the number of unique parameters in QG, and Iy (éé> is the maximized

incomplete-data log-likelihood for G groups,

MR S 3G 42
Iy (09) = Y_log Y #rgp (ACs S x;,02)
i=1 g=1
Under regularity conditions, the BIC is consistent for the true value of G (see, e.g., Celeux
et al. (2018)). To confirm the BIC’s estimate, we compare the selected G to that obtained
from K—fold cross validation, and ensure that the chosen model is compatible with both

criteria.!®

4 Results

We estimate the distribution of marginal propensities to consume out of the 2008 tax re-
bate checks using our clustering methodology. As discussed in the previous section, our
approach allows us to consistently estimate MPC heterogeneity described by the dis-
crete MPCs A and the population shares of households belonging to each group, 7.
The combination of these two objects describes the unconditional MPC distribution in
the population, which constitutes our core results in the following subsections. Unless
explicitly noted, by the MPC we refer to the contemporaneous MPC, measured by Ag,.
Additionally, we compute household-specific predicted MPCs using the estimated poste-
rior group-membership probabilities, yj,. The distribution of predicted MPCs is useful
for two reasons. First, it is the ideal input for any policymaker designing targeted fiscal
transfers aimed at maximizing overall spending, as we describe below. Second, this is the
required distribution for characterizing the observable determinants of heterogeneity in
the marginal propensity to consume, as we discuss in Section 4.3.

We estimate a considerable degree of MPC heterogeneity in both distributions, whose
extent varies depending on the consumption category considered. In Section 4.1, we
present the distribution of MPCs for total expenditures and discuss the stability of our
predicted MPCs. In Section 4.2 we report the MPC distribution for nondurable and

16K —fold cross-validation is a model validation approach that splits the data into K different subsamples.
Foreachk =1,...,K, the model is estimated on the K — 1 subsamples as training data and the fit assessed
on the holdout sample, k.
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durable goods. Importantly, our approach also allows us to directly test whether house-
holds display similar spending propensities for different consumption goods, or instead
display differential responses across expenditure types when they receive a transitory
income shock such as a tax rebate. Finally, in Section 4.3 we explore which observable
household characteristics are correlated with the predicted marginal propensities to con-
sume, both individually and jointly, and in Section 4.5 we analyze the longer-run spend-
ing effects of the 2008 tax rebates.

4.1 The distribution of marginal propensities to consume

Our headline specification considers total expenditures, defined as in Parker et al. (2013).
Following Kaplan and Violante (2014), who show that properly accounting for outliers
reduces the homogeneous rebate coefficient, while increasing precision, we drop the top
and bottom 1.5% of consumption changes.!” We select the number of groups, G, using
the BIC, as discussed above, indicating G = 3; cross validation selects the same model.
The MPC distributions, as well as the observable determinants of MPCs (Section 4.3), are
broadly unchanged for alternative G = 2.!® Reassuringly, we confirm that the hetero-
geneity we recover is not spurious: to do so, we generate 250 Monte Carlo samples of
data from estimates for the homogeneous model and compute the BIC for each; we find
that the BIC selects G = 1 in all samples.

Table 1 reports the points of the unconditional MPC distribution for total expenditures,
{Aog}, following the discrete data-generating process (DGP) in (3). To enable interpreta-
tion as MPCs, we rescale all estimates Aj, by the average rebate payment across rebate
recipients in the sample, as in Borusyak et al. (2024). We uncover a large degree of hetero-
geneity, ranging from 4 cents to 1.33 dollars spent for every dollar of rebate. More than
three quarters of households are associated with an MPC of 23 cents on the dollar or less,
but a substantial share of households display sizable spending responses. Aggregating
Aog by 71, we find that the average marginal propensity to consume, 0.42, is larger than
the MPC in the homogeneous specification, 0.24.

We report the standard errors arising from the maximum likelihood estimation in

7This is the only way in which our sample departs from the sample used in Panel B of Table 3 in Parker
et al. (2013). In Supplement A.4 we repeat our main analysis without trimming; in this case we typically
uncover a larger degree of MPC heterogeneity, although our estimates are less precise. We thus see our
baseline results as potentially conservative with respect to the degree of heterogeneity. Our results on the
drivers of MPC heterogeneity are broadly unchanged without trimming.

18The BIC has a kink at G = 2 and then flattens at G = 3. While the results are similar across the
two specifications, there are economically important differences in the two distributions, as we show in
Supplement A.2. For instance, our baseline results feature a maximum MPC of 1.33 compared to 1.14 under
G = 2, as well as an additional mode at 0.23.
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Table 1: MPC heterogeneity

Aot 45! A2 T Aos T3
Estimate 0.04 0.30 0.23 0.48 1.33 0.23
Std. Err (0.07) (0.01) (0.12) (0.01) (0.47) (0.01)
Cond. Std. Err [ 0.03] - [ 0.07] - [ 0.42] -

Notes: The first row reports estimates for group-specific MPCs, Aqg, and population shares, 7g. Standard errors, reported in the
second row in parentheses (), account for all uncertainty;. conditional standard errors, reported in the third row in square brackets
[] , instead take GMLR weights as given, to parallel the way that group assignment is imposed ex ante in the existing literature.

parentheses for both MPCs, Ao, and group shares, 77,. We additionally report standard
errors for the MPCs that take posterior group probabilities 7, as known, to better parallel
the existing literature, which assumes that group membership is known ex ante (for exam-
ple, by splitting households on quantiles of wealth and assuming each quantile features
a homogeneous MPC). The group shares, 714, are precisely estimated. The largest MPC is
statistically significant at the 1% level using either standard errors. The smallest MPC is
instead not statistically different from zero even when using the second set of standard
errors that does not incorporate all estimation uncertainty. We therefore cannot rule out
that there exists a fraction of households adhering to the permanent income hypothesis
when examining total expenditures.

The distribution described by Table 1 is consistently estimated in the population and
characterizes unconditional MPC heterogeneity. However, there are several reasons to
also consider the predicted MPC for each household. For example, a policymaker aiming
to maximize the overall spending effect of stimulus checks would want to know which
households are likely to have high or low MPCs. The posterior predicted MPC for each
household provides exactly this estimate, as this prediction minimizes the mean squared
error of each households’ spending response.'” The government could then use this dis-
tribution to target specific individuals with high predicted marginal propensities to con-
sume. A household’s posterior MPC is also the natural candidate to consider as a depen-
dent variable in projections of MPCs on household characteristics. Our DGP postulates
the MPC distribution as being discrete, but households” posterior predicted MPCs will
generally be continuous.

Figure 1 shows the distribution of households’ predicted MPCs, formally defined as

19 Alternatively, one could predict household-specific MPCs by assigning the Aog associated with their
most likely group (ie, A i = /\Og]%, where g]“»k = argmax(y;g). While this approach minimizes classification
5 8

error, it is less relevant from the perspective of a government interested in maximizing the overall spending
response. Nevertheless, we show this distribution in Supplement A.2.
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Figure 1: Predicting individual MPCs out of the tax rebate

0.35

0.3

0.25

02k —— homogeneous MPC

density

01r =

“l M 7
0 . . . ;

0 0.2 0.4 0.6 0.8 1 1.2 1.4
predicted MPC

Notes: The histogram (light blue bars) plots the individual MPCs constructed using the GMLR-estimated parameters and individuals’
posterior probabilities for each group, j;. For each household we compute the posterior-weighted MPC across the discrete group-
specific MPCs. Results are for total expenditures and we only plot households that received the rebate. The sample is defined as in
the text. The BIC selects G = 3. The homogeneous MPC (red vertical line) is estimated imposing G = 1 in our baseline specification.

7&0/]- = chzl Yjgrog- The vast majority of households display a relatively low (but non-
negligible) predicted MPC, and the share of households with a given predicted MPC
slowly decays as the value increases. No household is predicted to consume fewer than
15 cents for every rebate dollar: this is equivalent to saying that no household is esti-
mated to have a very high posterior weight, <yj,, associated with the lowest MPC group.
Therefore, while we have previously shown that there is a group-specific MPC as low as
4 cents for each dollar rebate, associated with a substantial share of the population, the
households in our sample are all individually predicted to consume at least 15% of their
rebate. Non-zero spending responses can be dispersed if agents face bounded rationality.
[lut and Valchev (2020), for instance, develop a model in which MPCs can be high for all
households, even those with slack liquidity constraints. Due to limited cognitive percep-
tion, households can find themselves in the midst of a “learning trap”, “which makes the
high MPC behavior the norm, rather than exception.”

At the opposite end of the predicted MPC distribution, a sizable fraction (11%) of
households are predicted to consume more than the entirety of the rebate. This suggests
that many households have a posterior weight near 1 for the highest-MPC group. Finally,
we confirm the stability of the predicted MPC distribution. While we cannot formally
conduct inference on a household’s weights — since they are a function of a single realiza-
tion of a random error, not a parameter — we assess the stability of the estimates via boot-

strapping. In particular, we repeat the GMLR estimation of the distribution of MPCs for
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Figure 2: Bootstrapped individual MPCs out of the tax rebate

1

o
3

o
o

o
'S
T

cumulative density
o
(9]

o
w
T

o
N
T

true

—-—- Bootstrap median
— — Bootstrap p16

— — Bootstrap p84

I

o
o

0 0.5 1 1.5
Posterior weighted MPC

Notes: The black solid line plots CDF of the distribution of individual MPCs for total expenditures, calculated as shown in Figure
1. We predict individual responses using posterior-weighted MPCs. The blue dash-dotted line shows the median CDF of the esti-

mated distribution of MPCs, across 250 bootstraps with replacement. The dashed red and black lines correspond to the centered 68%
confidence interval.

total expenditures, with 3 groups, over 250 samples obtained by bootstrap with replace-
ment. For each bootstrapped sample, we construct the cumulative density function of
predicted household MPCs, 7\0,]-. The dash-dotted blue line in Figure 2 shows the median
CDF across bootstraps, which tracks the CDF of the distribution shown in Figure 1 (here
depicted in solid black) remarkably well. Moreover, there is reasonably little variation
across bootstraps, as evidenced by the centered 68% confidence interval. The predicted
distribution is found to be quite stable even when we instead assign individuals to their
most likely (maximum posterior weight) MPCs for each bootstrapped sample.?’

Taken together, both the unconditional MPC distribution and the distribution of pre-
dicted MPCs show that there is indeed considerable variation in spending responses
across households. From a policy perspective, this implies a significant benefit in tar-
geting transfers; for a given dollar value of transfer, those households with a higher MPC
will spend more and save less, leading to a greater increase in consumption and stimula-
tory effect on aggregate demand. We return to the question of whether such targeting is

feasible in practice in Section 4.3 when we evaluate the observable correlates of MPCs.

2In the vast majority of the bootstrap samples the BIC also flattens at G = 3, further confirming our
selection for the number of groups.
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4.2 The MPC distribution for different consumption goods

We have shown how households differ with respect to their propensity to consume out of
their tax rebate. How does the distribution of these propensities differ across consump-
tion goods? The granularity of the CEX data allows us to tackle this question, while our
methodology allows us to explore how good-specific MPCs vary at the household level.

The left panel of Table 2 reports the estimated MPCs, Ao, and population shares, 7,
for nondurable goods consumption. As expected, households consume a lower fraction
of the rebate in nondurables than estimated for total expenditures, as nondurable goods
account for, on average, less than two thirds of household total expenditures. Roughly
half of households spend 9 cents for each dollar of rebate in nondurables; this coeffi-
cient is statistically different from zero at the 5% level. Thus, nondurable MPCs exhibit
a lower bound above zero, suggesting no household strictly follows the Permanent In-
come Hypothesis (Friedman (1957)). The existence of a lower bound for the MPC is a
topic of ongoing debate in the literature. For example, Fagereng et al. (2016) and Olaf-
sson and Pagel (2018) find sizable spending responses even for households with high
liquid wealth in Norwegian administrative data and Icelandic application user data, re-
spectively. We likewise find evidence that even the smallest nondurable MPCs are larger
than zero, although not substantially so, even when estimating the full unconditional
MPC distribution, in standard U.S. survey data. In contrast, in this same data, Misra and
Surico (2014) use quantile regression to estimate a substantial share of MPCs at or below
zero; we discuss in Supplement B how our approach differs from theirs.

The remaining half of the distribution consumes just less than a fifth of the rebate
in nondurables. Households” predicted MPCs are distributed within similar bounds, re-
ported in Supplement A.2. As before, we confirm the stability of the predicted MPC dis-
tribution via bootstrapping. The minimum predicted MPC is higher than 5 cents in 94%
of the bootstraps, providing further evidence of a positive lower bound on nondurables
consumption.

The right panel of Table 2 shows the estimated MPC distribution for durable goods.
About 30% of households have a durable MPC that is not statistically different from zero
when we incorporate all estimation uncertainty. The highest MPC is noisily estimated at
0.67. This uncertainty at the top is also evident in our bootstrapping exercise (see Sup-
plement A.2).>! The upper bound of the durable MPC distribution is sensitive to the

21The bootstrapping exercise is also informative for the selection of the number of groups, G. While the
BIC in our estimation sample flattens at G = 3, before dropping again at G = 5, it remains flat beyond
G = 3 in the majority of bootstrapped samples. We take this as a signal of the sensitivity of durable MPCs
to a small number of observations. While we show results for G = 3, the estimated MPC distribution is
quite similar for G = 5.
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Table 2: MPCs out of the tax rebate: nondurables and durables

(a) Nondurables (b) Durables
/\Og 7'L'g /\Og 7'L'g

g=1 0.09 0.48 g=1 10.03 0.29

(0.04) (0.01) (0.03) (0.01)

[002] - [001] -
g=2 018 0.52 g=2 015 0.50

(0.07) (0.01) (0.07) (0.01)

[ 0.07] - [ 0.04]

g=3 067 01
(0.42) (0.01)
[042] -

Notes: The tables show estimates for group-specific MPCs, Aqg, and population shares, 77;. Standard errors, in parentheses (-), account
for all uncertainty;. conditional standard errors, in square brackets [-] , instead take GMLR weights as given, to parallel the way that
group assignment is imposed ex ante in the existing literature. Nondurable expenditures (panel (a)) are defined, following Parker et al.
(2013), as strictly nondurables (Lusardi (1996)) plus apparel goods and services, health care expenditures (excluding payments by
employers or insurers), and reading material (excluding education). As in Parker et al. (2013), we define durable expenditures (panel
(b)) as the difference between total and nondurable expenditures. The homogeneous MPCs (G = 1) are 0.13 for nondurables and 0.05
for durables. For nondurables the BIC selects G = 2 and for durables G = 3.

estimation sample. In particular, our baseline sample excludes the top and bottom 1.5%
of consumption changes: without the trimming, the highest durable MPC increases —
far exceeding 1 — and becomes statistically significant, while the lower bound does not
change (see Supplement A.4). This suggests that some of the trimming at the top ex-
cludes large purchases that are indeed a direct response to rebate receipt. Overall, the
dichotomous nature of this MPC distribution accords with the discrete nature of durable
goods purchases.

Finally, we assess whether households with high propensities to consume nondurable
goods after receiving the rebate are also more likely to consume durable goods. The cor-
relation between household-level predicted MPCs for nondurable goods with those for
durables is 0.13 (significant at the 1% level). We can therefore rule out substitution be-
tween goods, but the estimated complementarity at the margin is quantitatively small.
Nevertheless, this weak complementarity might signal the presence of heterogeneous
preferences or a small share of “spender” types, who are more prone to adjust any type
of consumption in response to transitory income shocks. While the structure of our data
does not allow us to draw conclusions regarding whether the heterogeneity we measure
is permanent or transitory, we can investigate what observable characteristics explain the

estimated MPC distributions that we recover. We tackle this issue in the next section.
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4.3 What drives MPC heterogeneity?

Our empirical strategy uncovers the unconditional distribution of marginal propensi-
ties to consume without taking a stance, ex ante, on its observable determinants. Con-
sequently, we can use the estimated distribution to understand how predicted MPCs cor-
relate, ex post, with observable characteristics. As such, we contribute to the literature
in three ways. First, using our methodology, we uncover a large number of statistically
significant individual correlations between MPCs and observable drivers. This is true de-
spite the fact that we use a dataset and an identification strategy that previously failed
to find statistically significant relationships (e.g., Parker et al. (2013)). Second, we show
that the distribution of MPCs is correlated with observable characteristics jointly, and,
unlike in previous methodologies requiring progressively smaller interacted groups, we
can be confident that any lack of significant correlations is not due to loss of statistical
power. When performing this joint analysis, we highlight the most important drivers
of our estimated propensities. Third, we quantitatively assess the share of MPC hetero-
geneity explained by observables. This metric is important for gauging the potential the
government has for targeting payments explicitly. Throughout the section we mostly fo-
cus on total expenditures, since results are largely consistent across consumption goods;
we highlight the few instances in which results differ for nondurables or durables.

We first examine how relevant household characteristics individually correlate with
MPCs. To do so, we replicate each household’s data G times, and assign to each of house-
hold j’s G replications one of the Ag; MPCs and its associated posterior weight, 7;,. We
then estimate weighted least-squares (WLS) regressions, using the household posterior
probabilities for each MPC, 7j,, as weights. In columns (1)-(4) of Table 3 we report how
different sets of predictors are individually related with the estimated MPCs and then
show, in column (5), how these results change when we regress our estimated MPCs on
all household characteristics jointly. Due to the low response rate for liquid wealth, and
the associated potential non-response bias, we do not include it as an explanatory variable
here, but do so in Supplement A.3. Our results are robust across specifications and, even
more notably, are unchanged when considering the MPC distribution estimated with a
different number of groups, as shown in Supplement A.3. Moreover, we confirm that all
the results throughout the remainder of Section 4 are unlikely to arise if the estimated het-
erogeneity in the MPC distribution is spurious. To do so, we generate 250 Monte Carlo
samples from the estimated homogeneous model, impose a spuriously large number of
groups (G = 3) and repeat our regressions on observables using the estimated MPC dis-
tributions. Doing so, we find significant relationships with observable characteristics in
virtually none of the Monte Carlo samples.
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Table 3: Explanatory variables of MPCs

(1) 2) 3) (4) ©)
Mortgage interest/income 0.043 -0.112
(0.070) (0.095)

Homeowner dummy 0.090*** 0.076™**
(0.021) (0.026)
Mortgage dummy 0.022 -0.011
(0.021) (0.029)

Zero salary 0.002 -0.087***
(0.022) (0.031)

Salary: middle tercile 0.054"* 0.112%**
(0.024) (0.027)

Salary: top tercile 0.130*** 0.188***
(0.025) (0.035)
Zero non-salary -0.011 0.031
(0.022) (0.027)
Non-salary: middle tercile -0.050* 0.049
(0.026) (0.033)

Non-salary: top tercile 0.015 0.166™**
(0.027) (0.038)

APC 0.075***  (0.189***
(0.014) (0.023)
adj. R? 0.008 0.011 0.001 0.009 0.059

Notes: Regressions are estimated on the sample that includes only households receiving a rebate in the current period. Robust
standard errors are reported in parentheses. In column (5) we also control for five education dummies, a married dummy, number
of children, age and age squared; these coefficients are not reported. *, **, and *** denote significance at the 10, 5, and 1% levels

respectively.

Housing-related variables

As shown in column (1), homeowners have significantly larger MPCs, a result that aligns
with Parker et al. (2013). Moreover, having a mortgage is associated with a still higher
propensity to consume, and mortgagors that face larger interest payments relative to their
income spend a larger fraction of their rebate, although both effects are statistically in-

significant. When we control for all household characteristics jointly in column (5), the
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homeownership effect persists, although it is statistically and economically weaker. In-
terestingly, the effects of mortgages flip signs (while remaining insignificant), along both
the extensive and intensive margin. Recent papers, such as Cloyne, Ferreira, and Surico
(2020) and Wong (2021), have shown that MPC heterogeneity by housing and mortgage
status can translate into heterogeneous consumption effects of monetary policy and, in
turn, different aggregate effects of interest rate adjustments. Our results suggest that
these relationships are complex and might change when conditioning on other house-
hold characteristics. In particular, these results imply that income — rather than having a

mortgage or not — is the more important predictor for the MPC, as we elaborate on next.

Salary and nonsalary income

We split income between its salary and non-salary components, see columns (2) and (3).72

When considered individually, both margins are broadly positively correlated with the
marginal propensity to consume, but there are interesting non-monotonicities. In partic-
ular, MPCs are highest for top earners, and U-shaped in non-salary income.>

These findings are broadly maintained when controlling for other household charac-
teristics in column (5). The differences are also economically meaningful, as households
whose earnings are in the top tercile spend 17 cents more per each rebate dollar, while
having a high stream of non-salary income implies 19 additional cents spent for each re-
bate dollar. Moreover, households with no salary have slightly lower MPCs, although
the effect is small and insignificant for nondurable goods, as we show in Supplement
A.3. The relationship with income, especially non-salary income, is generally weaker for
nondurable MPCs, although it remains positive and mildly significant. In order to shed
further light on our results, we split non-salary income between the sum of its financial
and business components, and the remaining sources (mainly social security income, be-
sides unemployment compensation and other transfers). Households in the top tercile
of either component display statistically higher MPCs. Hence, it seems that households
whose level of income is higher are more likely to spend a larger proportion of their rebate
check.

While perhaps surprising, the positive correlation between income and MPCs that we

2Income in the CEX is measured in the first interview and relates to income over the prior 12 months.
Non-salary income consists of farm and business income, financial income (e.g., income from interest, div-
idends, pensions and annuities) and all other income except foodstamps (e.g., retirement, supplemental
security, unemployment compensation), following the categorization in Coibion et al. (2017). We deflate
income variables by CPL

Z3Results are broadly unchanged when we split by quintiles, as we show in Supplement A.3. We also
find that these relationships hold jointly: households with highest salary and non-salary income have the
highest marginal propensities to consume.
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tind is consistent with various antecedents in the empirical literature. For example, Kueng
(2018), who studies consumption responses to regular and predetermined payments from
the Alaska Permanent Fund, also finds that spending propensities were higher for rela-
tively high income households. Results of this kind have been often rationalized by the
relative size of the payment. High-income households may perceive, ex ante, a small cost
of deviating from consumption smoothing, as rebates are smaller relative to their income.
This behavior could be explained by theories of near-rationality or mental accounting; for
instance Boutros (2022) proposes a model of bounded intertemporal rationality, in which
the smaller the relative size of the payment, the more planning costs dominate the benefits
of consumption smoothing.

Many other papers have found weak or inconclusive relationships between MPCs
and income. Misra and Surico (2014) also find that median income is higher at the top
of the conditional distribution of consumption changes, which they find to be associ-
ated with higher propensities to consume, although the overall relationship is U-shaped.
While Broda and Parker (2014) find that low-income households had larger propensities
to spend in the month of the 2008 rebate receipt than households in the top income tercile,
this difference “becomes indistinguishable by the end of the quarter”. Shapiro and Slem-
rod (2009) use data on self-reported propensities to spend the 2008 rebate and show that
low-income individuals were more likely to pay off debt rather than consume. They also
tind that 21% of households making more than $75,000 of total annual income reported
to spend most of the rebate, compared to 18% for households with total income below
$20,000. Miranda-Pinto, Murphy, Walsh, and Young (2020) develop a model that can ra-
tionalize these findings via time-varying consumption thresholds. Kosar et al. (2023) pro-
vide another explanation, supported by empirical evidence: poor, and especially high—
debt, households are more likely to use fiscal transfers to pay down their debts. On the
other hand, some studies have found that low-income households have a higher marginal
propensity to spend: see, for instance, Johnson et al. (2006) for the 2001 tax rebate and Jap-
pelli and Pistaferri (2014), with respect to cash on hand, for Italian data on self-reported
MPCs. Importantly, however, while we find that low-income households have relatively
lower MPCs than high earners, they still exhibit large marginal propensities to consume,
suggesting sizable deviations from consumption smoothing at the bottom of the income
distribution.

The average propensity to consume and rich-spenders

We find that the average propensity to consume (APC) is an important predictor of marginal

propensities to spend the rebate, and this positive association is even stronger when con-
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trolling for all household characteristics, as can be seen by comparing columns (4) and
(5) of Table 3. Through the APC, we aim to capture persistent preference heterogeneity,
by identifying something like a “spender” type.?* Households that spent 1 percentage
point more of their income before receiving the rebate spent 19 additional cents out of
each rebate dollar. In the theoretical literature, the relationship between MPC and APC
has been extensively studied, and we discuss later what different models of household
behavior predict regarding this relationship. However, to the best of our knowledge, we
are the first to provide empirical evidence on the cross-sectional relationship between the
APC and the MPC to well-identified transitory income shocks.

We show in Figure 3 how the MPC varies jointly with the APC and total income. We
separately compute quintiles of the APC and total income, and calculate the average MPC
for each quintile pair using households’ posterior weights. The MPC is increasing in both
income, conditional on the APC, and vice versa. We uncover three main groups. First,
households with low total income and a low APC display the lowest marginal propen-
sity to consume. We label these households “poor savers”. Second, households with a
high APC and low total income, or vice versa, display intermediate MPCs. The largest
marginal propensity to consume is found among households with a high APC and high
total income. We label this group “rich spenders”.?

The results presented thus far are particularly relevant for disciplining macro models
of household consumption. For example, the relationship between the MPC, the APC,
and income can be directly tested in even the simplest of consumption-savings models.
We discuss how leading models relate to our empirical findings in Section 4.4. In gen-
eral, the canonical consumption-savings model typically predicts a negative correlation
between the MPC and the APC, especially conditional on income, thus at odds with our
empirical findings. Two-asset versions of these models (Kaplan and Violante (2014)) and
preference heterogeneity can help rationalize our findings. ABB, for instance, highlight
the importance of heterogeneity in the intertemporal elasticity of substitution (IES) in or-
der to generate heterogeneous target levels of wealth in this same class of models; high-
IES households can have both high MPCs and high APCs. Empirically, and consistent

24Empirically, we define the APC as average lagged consumption divided by total income, which, as
previously mentioned, relates to the prior 12 months. We lag expenditures to avoid the possibility of a
mechanical positive correlation with the MPC. To ensure stability of APCs, and avoid sensitivity to a single
shock in the previous period and instead reflect persistent heterogeneity, we average expenditures over all
the available lagged quarters at the household-level, but the results are virtually unchanged if we only con-
sider the first lag. We consider income as measured in the first interview for each household, which refers
to the previous 12 months. We winsorize the APC upwards at 3, which is about 5% of the observations.

We find similar relationships for the MPC for nondurables and durables, especially the presence of
“rich spenders”, as we show in Supplement A.3.
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Figure 3: The relationship between MPCs, APCs, and income
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with this idea, Parker (2017) finds that the majority of consumption responsiveness to the
tax rebate in the Nielsen data is driven by a measure of impatience, defined as households
reporting to be “the sort of people who would rather spend their money and enjoy today
rather than save more for the future.” Our findings imply that this preference heterogene-
ity may be positively correlated with income. For example, if entrepreneurs or investors
have a high IES, they may display high MPCs, APCs, and income. Next, we present
additional suggestive evidence on the importance of latent unobserved heterogeneity.

Demographics and unobserved heterogeneity

Besides the main drivers of MPC heterogeneity discussed so far, we investigated whether
many other household characteristics are correlated with the MPC. We report some of
these results in Supplement A.3; MPCs increase with education, are non-monotonically
related with age, and display little difference by race and gender of households’ reference
persons. Most importantly, all these variables are insignificantly associated with the MPC
when tested jointly with income, the APC, and housing status, with the sole exception of
marital status.

Our results therefore suggest that only a handful of household observable character-
istics matter for estimated MPC heterogeneity. Moreover, these main drivers — as well as
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other household characteristics that do not strongly correlate with the MPC — explain a
relatively small portion of the variance of the weighted MPC distribution. Indeed, our
linear regression framework that predicts MPCs using observable characteristics delivers
an adjusted R? of 6%, as shown in Table 3, and the explanatory power is even lower for
nondurables. Unlike previous studies, we obtain a statistical measure of the portion of
the variance in the MPC distribution explained by observable characteristics through the
R2. Technically, the reported R? is a lower bound on the true R? due to measurement
error in the estimated MPCs. We discuss this issue in detail in Supplement A.6 and pro-
pose a back-of-the-envelope adjustment to the R? to account for measurement error in
recovering the MPCs in our clustering approach. The correction increases the R? for total
expenditures to 8%, which still indicates that only a small fraction of the MPC hetero-
geneity can be explained by observables.

A low R? could also be partly explained by non-linear relationships that are either
difficult to parametrize or simply not captured by variables in our dataset.”® For exam-
ple, the CEX contains only sparsely populated information on wealth. In Supplement
A.3, we report the relationship between the MPC and liquid wealth, aware of the po-
tential nonresponse bias highlighted by Parker et al. (2013); we cannot do the same for
total wealth, though, given the lack of reliable data. While such “unobserved” character-
istics could potentially explain some variation in MPCs, our results strongly suggest the
presence of latent drivers, since some observables we do consider may proxy for such un-
observed characteristics. The finding that relatively little MPC variation can be explained
by observable characteristics is not only useful for disciplining heterogeneous agent mod-
els, but is also informative about the degree to which fiscal policy can target high MPC
households, as we discuss later.

A comparison with interacted regression models

We next conduct a comparison of our results with those arising from the approach typi-
cally taken in the literature. Previous papers interact the rebate with group membership
dummies constructed by partitioning the sample based on some household observable
characteristic. We report the MPCs recovered using our estimated group membership
function against those the econometrician would recover by splitting the sample into
groups using terciles of commonly-studied observable characteristics.”” Table 4 displays

26Qur results are robust to different sets of explanatory variables, including an array of predictors selected
by a linear Lasso.

¥ Formally, we estimate AC; = p'w; + Zgzl djg (ZZZZO LAy + ocg) + €j,in which dj; = 1]j € g] is defined
by terciles of a certain characteristic such as age. Table 4 reports estimates for Ag,.
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Table 4: MPC heterogeneity: full vs. observable distribution

(1) (2) (3) (4) ©) (6)
GMLR age total income  salary  non-salary = APC

g=1 0.04 0.13 0.26 0.25 0.47** 0.09
(0.03) (0.21) (0.18) (0.23) (0.20) (0.20)

g=2 0.23*** 0.23 0.18 0.31 0.34 0.21
(0.07) (0.22) (0.23) (0.23) (0.31) (0.21)

g=3 1.33* 0.34* 0.45 0.36 0.27 0.06
(0.42) (0.19) (0.27) (0.30) (0.23) (0.26)

Notes: Table 4 reports estimated total expenditure MPCs for different groupings of households. Robust standard errors are reported in
parentheses. In the first column, we repeat the results from our baseline GMLR estimation, which were shown in Table 1. In the other
columns, we report MPCs obtained by estimating Equation (3) using terciles of age, total income, salary and non-salary components,
and APC to determine d;; = 1[j € g|, respectively. Groups are ordered from the lowest to the highest MPCs in the first column and
by tercile in the other columns.

the results, starting with the MPCs using our probabilistic membership function, Agq;
the remaining columns use groups based on terciles of age, total income, salary and non-
salary income, and the APC, in tercile order. MPCs mildly increase with age. Importantly,
if a researcher used only age to characterize the extent of MPC heterogeneity, she would
obtain estimates between 13 and 34 cents, much narrower than the range we uncover.
Splitting by either total income or the APC, which we show above to be the most ro-
bust drivers of MPC heterogeneity, would allow a researcher to uncover higher MPCs,
but never above 0.5, and would thus deliver a much lower degree of heterogeneity than
using our approach. These conclusions are broadly unchanged if we interact the rebate
by income components. Therefore, the existing literature, by splitting on individual ob-
servables that are likely noisy in practice, and correlated with only a portion of MPC
heterogeneity, would under-estimate the true extent of MPC heterogeneity. Moreover,
the MPCs estimated with our approach are much more precisely estimated, as shown by
the smaller p-values. These results corroborate earlier statements that our approach may

deliver improvements in statistical power.

4.4 Implications for Models and Policy

Heterogeneous Agent Models of Consumption-Savings. The empirical results we have
presented offer a new set of testable implications for consumption-savings models. First,
our estimates offer guidance on how much of the variation in MPCs should be tied to
observables like income. Second, our estimates imply that MPCs should be positively
correlated with the APC and income.
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To illustrate this point, we compare the implied moments from four consumption-
savings models presented in ABB - each with varying degrees of observable and unob-
servable heterogeneity - to our headline empirical findings.?® Table 5 reports the results.
From left to right, we start with a one-asset, one-type (i.e. homogeneity in preferences)
model, then consider a two-asset model while maintaining a single preference type, then
add discount factor (B) heterogeneity, and finally consider ABB'’s full model, which fea-
tures heterogeneity in discount factors as well as in elasticities of intertemporal substitu-
tion (EIS). For each of these models, we report our three key empirical moments: (i) the
correlation between the MPC and income (corr(MPC, Y)), (ii) the correlation between the
MPC and the APC (corr(MPC, APC)), (iii) and the adjusted R? of a regression of MPCs
on terciles of income, the APC, age, and its square (Adj. R?). We then add the mean
and standard deviation of the unconditional MPC distribution. We report these moments
using MPCs constructed in three different ways: (a) the MPC defined as the slope of the
consumption function with respect to (liquid) assets (i.e., g—;), (b) the MPC computed us-
ing the tax rebate experiment of ABB, and (c) the MPC recovered by our GMLR algorithm
applied to simulated data from the model rebate experiment, with additional noise added
to the data representing measurement error.?’

First, in contrast with our empirical findings, all models feature a negative correlation
between the MPC and income. However, GMLR estimates reassuringly replicate this pat-
tern when run on the model-generated data. Both the presence of two assets and prefer-
ence heterogeneity bring the model predictions closer to our empirical findings, but they
still feature a negative correlation between income and the MPC. In the one-asset model,
this correlation is especially negative, since total income is an important component of
cash-on-hand, and MPCs fall with cash-on-hand due to the concavity of the consump-
tion function. In two-asset models, the emergence of wealthy hand-to-mouth households
dampens this negative relationship, as high income households may have high MPCs be-
cause much of their wealth is in illiquid assets. Adding preference heterogeneity makes
this correlation even less negative, especially when the EIS is also heterogeneous, as in
the full model from ABB. Therefore, adding preference heterogeneity to the two-asset

model appears to be a promising way to match our first empirical fact, but richer forms of

28We directly use their codes and calibrations for each model. ABB present their one-asset, one-type
model in Section 2 of their paper and only consider illustrative parameterizations. In Table 5, for the one-
asset one-type model we set the preference parameters to those used by ABB in the two-asset one-type
model. For maximum comparability with their settings, the frequency of all models is annual as in ABB.

2We use ABB'’s code for the rebate experiment and exclude from all computations the households that
change their decision to adjust the stock of illiquid assets in response to the transfer, as this group features
extreme MPCs which greatly influence the empirical moments. ABB raise this point in footnote 47 and we
follow their treatment.
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Table 5: MPC facts: data and structural models

l-asset 2-asset  2-asset 2-asset
1-type 1-type P heterog ABB baseline
m
corr(MPC,Y) -0.48  -0.33 -0.27 -0.23
corr(MPC,APC) -0.06 0.11 0.04 0.03
Adj. R? 045 037 0.29 0.23
mean(MPC) 0.63 0.55 0.51 0.43
std(MPC) 0.36 0.38 0.42 0.39
rebate
corr(MPC,Y) -047  -0.28 -0.24 -0.22
corr(MPC,APC) -0.06 0.09 0.06 0.05
Adj. R? 0.45 0.24 0.23 0.21
mean(MPC) 0.60 0.48 0.44 0.37
std(MPC) 0.34 0.38 0.40 0.34
GMLR
corr(MPC,Y) -021  -0.28 -0.23 -0.11
corr(MPC,APC) -0.16  -0.07 0.08 0.01
Adj. R? 028  0.14 0.08 0.03
mean(MPC) 0.54 0.45 0.38 0.32
std(MPC) 0.27 0.20 0.21 0.16

Notes: The adjusted R?2 corresponds to a regression of MPCs on the APC, terciles of income (Y), age, and age squared. As in the data,
the APC is winsorized at 3. To estimate GMLR, we use data simulated from the rebate experiment in the second block. To improve
computational speed, we select a 10% random sample of the simulated data. We also trim the top and bottom 1.5% of consumption
changes, as in the data, and add Gaussian noise (with standard deviation of 0.01) to facilitate the implementation of GMLR. We con-
sider 10 simulated samples with noise and average the estimated GMLR moments across samples. The GMLR moments (correlations
and adjusted R?) are computed as in the data, thus projecting the estimated MPCs on observables and weighting correlations and
regressions by GMLR posterior weights.

preference heterogeneity or other mechanisms may be required to generate the positive
correlation we obtain in the data.*"

Second, all two-asset models — as opposed to the one-asset, one-type model — feature a
positive correlation between the MPC and the APC, broadly consistent with what we find
in the data. GMLR also replicates this pattern, estimating higher correlations when the

models feature two assets.>! However, this correlation is weak at best and non-monotonic

30For instance, in our own numerical simulations in which the EIS is mechanically positively correlated
with income, perhaps for similar reasons to those discussed by Blundell et al. (1994) and Straub (2019), we
are able to generate the positive correlation we see in the data.

3IGMLR estimates a negative correlation between the MPC and the APC in the 2-asset 1-type model
even though the “true” counterpart is positive simply because the relationship in that model is non-linear
(as opposed to the data, were the MPC is monotonically increasing in the APC). Conditional on income,
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in the models, while MPCs monotonically increase with the APC in the data. In the one-
asset model, the MPC is decreasing in the APC conditional on income, in contrast with
our empirical findings. When a household’s APC is high (i.e., >1), the household is above
its target level of wealth, so it decumulates assets and has a low MPC; when a household
is below its target level of wealth, it is trying to accumulate assets and will have a high
MPC. Averaging over income and introducing a life-cycle component to the one-asset
model weakens this correlation, but the correlation remains negative. Two-asset models
weaken this underlying relationship further, again because of the presence of wealthy-
hand-to-mouth households. Preference heterogeneity also allows the model to get a pos-
itive correlation between the MPC and the APC by introducing high and low spender
types: some people may have preferences which lead them to spend a lot on average, and
spend a lot out of a transitory shock.

Finally, the adjusted R? falls with additional preference heterogeneity, and GMLR es-
timates also generate this pattern. Models that feature higher degrees of preference het-
erogeneity will naturally lower the R?, as household observables such as income explain
a smaller portion of the overall MPC variation once unobservable “types” are introduced.

In short, adding preference heterogeneity to the two-asset model as in ABB can deliver
a correlation between the MPC and the APC and an adjusted R? that are directionally in
line with our empirical estimates. Their addition also brings the model closer to matching
the correlation between income and the MPC, but more structure on the heterogeneity
may be required to generate the positive correlation between income and the MPC we
estimate in the data.

Applying GMLR to the model-simulated data and computing the implied moments
of the MPC distribution matches the above theoretical moments well — even when the
latter moments disagree with our empirical findings. In addition, GMLR does a good
job at retrieving the average MPC, although it underestimates the dispersion of MPCs
and the adjusted R2. However, these latter findings are unsurprising: (i) the model mo-
ments know the true MPCs, while they must be estimated by GMLR; ii) GMLR, based
on a discrete MPC distribution, is misspecified in the simulated data, where MPCs are
continuous, and iii) we introduce additional Gaussian noise to the simulated data before
applying GMLR.. Overall, we see this exercise as an additional validation of our GMLR
approach: even in this challenging environment, GMLR-estimated rebate coefficients are
informative for the properties of the MPC. Moreover, the fact that GMLR recovers some
moments that are qualitatively different to those in the data (but aligned with the model

from which they are simulated) demonstrates that our empirical findings are not mechan-

GMLR is also able to correctly retrieve a negative correlation between the MPC and the APC in all models.
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ical.

Optimal Targeting of Fiscal Transfers. From a policy perspective, our empirical results
have two implications. First, fiscal authorities might consider targeting those households
who receive relatively more income as recipients of lump-sum transfers, in an attempt
to maximize the effect on aggregate consumption. This high-income group might in-
clude either top earners, households receiving high flows of business or financial in-
come, or households with large social security payouts.> This type of policy of course
poses a potential trade-off between the stimulus and relief/insurance motives for lump-
sum transfers, since it suggests targeting higher-income households who are less in need
of insurance. However, this tension is consistent with the empirical finding that low-
income households are more likely to use stimulus checks to pay down debt, both in 2008
(Shapiro and Slemrod (2009)) and in 2020 (Armantier et al. (2020)). Therefore, whom the
government should target may depend on the primary goal of the program: stimulus or
insurance. Kosar et al. (2023) discuss this tradeoff in detail.

Second, the finding of a small R? in the regression of the MPC on observable charac-
teristics suggests that attempts to target transfers based on factors observable by policy-
makers will ultimately exploit only a small fraction of the variation in households” MPCs.
This means that feasible targeted transfers can harness only a small share of the possible
gains in terms of consumption responses that would otherwise be available if policymak-
ers could observe the identity of high MPC households directly, or if such MPCs were
more strongly associated with observable characteristics.

4.5 The longer-run effects of the 2008 ESA

Finally, we analyze the household-level long-run spending effects of the 2008 tax rebates,
using the dynamic MPCs found in A, and A2¢.% These long-run effects are also studied
by Parker et al. (2013). In our estimation, we do not force group membership for house-
hold i to be fixed across t; even if individuals” preferences are constant, the MPC may be

time-varying, due, for instance, to changes in state variables such as income and wealth.>

32Unfortunately, we cannot speak to the MPCs of top-income households who were not eligible for the
rebate.

33We focus on the 2-quarter cumulative effect since there are too few observations present in the sample
with sufficiently populated observable characteristics to reliably estimate projections on observables using
3-quarter cumulative effects. We show the 3-quarter distribution in Appendix A.2.

34Even in the homogenous case, Ag can be different from A; because they measure two different objects;
the coefficient on the lagged rebate value is an inter-temporal MPC which can be different from the con-
temporaneous MPC. See Auclert et al. (2018) for a theoretical discussion of intertemporal MPCs.
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Figure 4: Predicting the longer-run effect of the tax rebate
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posterior probabilities for each group, /. For each household, we compute the weighted contemporaneous and lagged MPCs across
groups and plot the total response as discussed in the text.

Hence, we use the expected group-level MPC associated with household i at time t and
observation (i, t)-specific posterior weights to construct each household’s 2-quarter total
expected effect of the rebate as 21 ; + Ay ;.

Relative to the baseline results depicted in Figure 1, the distribution depicted in Fig-
ure 4 spreads out, with some households having a total effect near zero, but with many
cumulated effects being larger than responses within the quarter. Moreover, all predicted
household lagged responses are negative, implying that households consume a smaller
fraction of the rebate in the second (and third) period after receipt than in the first (since a
value of zero indicates a constant consumption response), or mean reversion in consump-
tion changes.

Finally, in Table 6 we show that our previous analysis regarding the drivers of MPC
heterogeneity is confirmed when looking at longer-run spending responses. Top salary
earners, as well as households with the highest non-salary income, have the highest
longer-run marginal propensities to consume. This set of results on cumulative MPCs
suggest that the spending effects of the rebate are persistent for most households. More-
over, the relationship between the MPC and its determinants does not appear to be the
result of short-lived effects that could be erased by intertemporal substitution, at least in
the first two quarters following rebate receipt.?® In addition, the R? remains low, suggest-

3We found in Section 4.3 that marital and homeowner status were mildly significant predictors of higher
1-quarter MPCs. These relationships are no longer statistically significant when considering 2-quarter
MPCs, although they preserve the same sign.
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Table 6: Explanatory variables of longer-horizon MPCs

1) 2)
1-qtr MPC 2-qtr MPC

Zero salary -0.099*** -0.167**
(0.037) (0.071)
Salary: middle tercile 0.163*** 0.299***
(0.033) (0.064)
Salary: top tercile 0.231*** 0.412***
(0.042) (0.083)

Zero non-salary 0.033 0.079
(0.030) (0.060)

Non-salary: middle tercile 0.053 0.109
(0.039) (0.076)
Non-salary: top tercile 0.212*** 0.383***
(0.048) (0.093)
APC 0.227%** 0.435%**
(0.027) (0.055)

adj. R? 0.143 0.123

Notes: The table reports posterior-weighted predicted MPCs for total expenditures. For both columns, we consider the sub-sample
of households that are observed in the quarter of rebate receipt and in the following quarter. We also control for, but do not report,
five education dummies, the number of children, age and age squared, a married dummy, a homeowner dummy, a mortgage dummy,
and mortgage interest to income ratio. Robust standard errors are in parentheses. *, **, and *** denote significance at the 10, 5, and 1%
levels respectively.

ing that unobserved heterogeneity remains important at this longer horizon.

5 Conclusion

We exploit a flexible clustering regression to uncover the unconditional distribution of
the marginal propensity to consume. Our strategy improves on existing approaches by
recovering the unconditional (marginal) distribution of MPCs and not simply estimating
how the MPC co-varies with selected observable characteristics. Applying this method-
ology to consumption data following the 2008 Economic Stimulus Payments, households
display a considerable degree of heterogeneity in their MPCs. A non-negligible share
of households spent the checks in their entirety, and all households spent at least 8% of

the rebate within one quarter, although this lower bound is subject to some statistical
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uncertainty. Nondurable consumption is also characterized by a lower bound that is sig-
nificantly larger than zero, while durable consumption features two distinct groups with
MPCs close to zero and one.

Examining which observables predict different portions of the MPC distribution, we
obtain various statistically significant relationships with the MPC, few of which, how-
ever, survive the inclusion of additional drivers. These results hinge on the fact that
our approach proves statistically more powerful than existing methodologies. Income
and the APC appear to be the strongest determinants, both positively correlated with the
MPC. Moreover, the R? from such regressions is a natural measure of the share of the
unconditional MPC heterogeneity that can be explained by observables. Since observable
characteristics explain a minor portion of the estimated MPC heterogeneity, we posit that
other latent factors, such as preference heterogeneity, are likely important in determining
marginal propensities to consume. Taken together our results provide a range of facts
useful for disciplining an emerging literature of macroeconomic models of consumption
as well as significant policy implications, particularly for the targeting of transfers.

Finally, two caveats help to highlight possible avenues for future work. First, we es-
timate the MPC distribution using a single cross-section of data during a recession; if an
individual’s MPC is a function of the aggregate state, extrapolating our estimates requires
caution. Second, because our empirical setting is one in which individuals only experi-
ence positive transitory shocks, we cannot speak to income losses, to which households
may respond differently (Fuster et al. (2018)). However, clustering approaches like the
one we use can easily be applied to other datasets with suitably identified transitory in-
come shocks, making comparisons straightforward. We leave such exercises for future

work.
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Data Availability Statement

All replication programs and available data, are available at the following DOI: http:
//doi.org/10.5281/zenodo. 17156433 .
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