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Introduction

Recent work highlights the importance of heterogeneity in the marginal propensity to
consume (MPC) out of transitory income shocks for fiscal policy, the transmission of monetary policy, and welfare.1 Despite their importance, estimates of the distribution of MPCs
are largely elusive. Even with plausibly identified transitory income shocks, estimating individual-level MPCs requires panel data with long horizons, which are typically
not available; it also usually requires the unappealing assumption that an individual’s
marginal propensity to consume (MPC) is time invariant.2 The existing literature, therefore, has followed one of two avenues: estimating a fully structural model and simulating
a distribution of MPCs, or grouping observations by some presupposed observable characteristics and estimating group-specific MPCs out of transitory income shocks.3 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 propose a novel methodology to estimate the distribution of MPCs
directly. We develop an estimator based on the fuzzy C-means (FCM) clustering algorithm (Dunn (1973), Bezdek (1973)), 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 receipt and basic controls (Johnson,
Parker, and Souleles (2006), Parker, Souleles, Johnson, and McClelland (2013)), but allows
the coefficient on the rebate to be heterogeneous across unknown groups; the groups as
well as their rebate coefficients are jointly estimated.
This approach offers several advantages over existing efforts to recover the distribution of MPCs. First, it allows us to estimate the full unconditional distribution of MPCs,
which can be driven both by latent factors and observable characteristics, broadly defined.
Standard methods that rely on sample splitting by the latter cannot recover heterogeneity
1 The

MPC distribution is a crucial object in Heterogeneous Agent New Keynesian (HANK) models of
monetary policy (see Kaplan, Moll, and Violante (2018)). For example, Auclert (2019) shows that the response of aggregate consumption to monetary policy shocks depends on the covariance of the distribution
of MPCs with the cyclicality of income, net nominal position, and unhedged interest rate exposure.
2 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.
3 For 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).
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in MPCs associated with the former (by definition). Yet, we find that the majority of MPC
heterogeneity can be attributed to such latent characteristics. Second, because our approach does not require taking an ex-ante stand on what observables correlate with MPC
heterogeneity, we can “let the data speak” by investigating ex post which observables
predict the recovered individual MPCs. We find that a household’s MPC is individually
correlated with various observable characteristics, and that these relationships are statistically significant. Hence, our approach overcomes the loss of statistical power which may
have plagued the sample-splitting approach in existing studies. Importantly, however,
we further show that the significance of most of these univariate relationships with the
MPC disappears when we instead examine predictors jointly, with the exception of nonsalary income and the average propensity to consume (APC). Finally, we formally show
that household observable characteristics explain only a small portion of the variance in
MPCs.
Our contribution 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 parameters describe the observations within the
group. This feature allows us to bypass the decision on which observables matter for MPC
heterogeneity, and instead estimate the heterogeneity directly first. FCM is a “fuzzy” clustering approach, in which individuals are not assigned to groups in a binary fashion, but
instead have continuous weights. When the panel dimension present in Bonhomme and
Manresa (2015) is absent, as is the case in our empirical setting, it is unrealistic to think
that group assignment can be determined binarily in the presence of noise , so continuous
weights are desirable to represent the level of uncertainty that exists in the assignment. If
the econometrician knows the true distribution of the data, a likelihood-based approach
like a Gaussian mixture model can be used, but, absent any information on the distribution, the form of weights used by FCM has optimality properties (Bezdek (1973)).
We therefore generalize FCM from the cluster means case to the regression setting,
where it constitutes a weighted least squares (WLS) problem, and call the resulting generalized estimators fuzzy C-parameters (FCP).4 We establish the consistency and asymptotic normality of a GMM formulation for the FCP problem. In a simulation study calibrated to our empirical setting, we find that FCP is able to accurately recover the distribution of MPCs, more so than quantile regressions and binary classification or likelihoodbased competitors. We further show how FCP can be used in the second stage of twostage least squares (TSLS) to accommodate the use of instrumental variables, which we
4 Further generalizations to nonlinear models,

while outside the scope of this paper, appear trivial under

suitable assumptions.
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exploit when we instrument the rebate value with its receipt. These characteristics mean
that FCP is well-suited to studying heterogeneity in a wide variety of economic settings
with cross-sectional or short-panel data, and can be used in contexts well beyond our
current focus.
Applying our estimator to study the MPC distribution using the 2008 Economic Stimulus Act, we uncover a substantial degree of heterogeneity. In particular, households
spend at least one fourth of the rebate within one quarter, with some households displaying an MPC above one. While the share of households with different MPCs generally
decreases with the magnitude of the MPC, we estimate sizable MPCs even at the bottom
of the distribution. Fagereng et al. (2016) and Olafsson and Pagel (2018) find evidence of
similar behavior in Norway and Iceland respectively, and recent papers have proposed
models of limited cognitive perception to rationalize such behavior (e.g., Ilut and Valchev
(2020)). However, we also find that, while all households spend a non-trivial portion
of the rebate overall, they often smooth nondurable consumption. Specifically, a third
of the households do not use the rebate to buy additional nondurable goods. Our results are consistent across different specifications and sample restrictions. For instance,
instrumenting the rebate with an indicator for its receipt, as in Parker et al. (2013), leaves
the results qualitatively unchanged and in fact increases the estimated heterogeneity in
MPCs.5
Having characterized the distribution of marginal propensities to consume, we describe its main drivers. Historically, the literature has found mixed empirical evidence
and generally weak relationships between MPC and observable household characteristics, with the possible exception of liquid wealth.6 This is likely due to a significant loss
of statistical power when re-estimating the MPC with interactions or sample splits. Our
approach allows us to sidestep these issues. Indeed, we find that our estimated MPCs are
significantly correlated, individually, with many observable drivers, despite the fact that
we use the same identification strategy and dataset 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.
Our estimates for household-level MPCs also allow us to study multivariate relationships without further losses of power. We find that only two observables are robust to the
inclusion of additional controls and positively correlate with MPCs: households’ non5 The

same is true when we exclude from the sample households that never received a rebate, or when
we include lagged values of the rebate to control for persistent effects of receiving the rebate.
6 Parker 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.
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salary income and their APC. Kueng (2018) also finds that high-income households have
higher MPCs in Alaskan data. We highlight how our result crucially hinges on the nonsalary component of income, such as business and financial income. 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 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 savings.
Importantly, our best array of observable predictors is able to explain only about 11%
of the variation in estimated MPCs. With the vast majority of heterogeneity unexplained
by standard observables, our results suggest that a relevant portion of MPC heterogeneity
is driven by latent household traits. For example, heterogeneity in discount rates and/or
intertemporal elasticities of substitution (Aguiar, Boar, and Bils (2019)) 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 unobserved traits. This
type of unobserved heterogeneity could never be recovered by simply splitting the sample on observable characteristics and estimating within-subsample homogeneous MPCs,
as is typically done in the literature.7
Finally, correctly accounting for MPC heterogeneity also matters for the aggregated
consumption effects of the fiscal stimulus. We show that the sample average of our estimated heterogeneous responses is larger than the homogeneous marginal propensity to
consume. When considering the cumulated heterogeneous responses over two quarters,
the aggregated response from our distribution is almost twice as large as its homogeneous counterpart. While still a partial-equilibrium object in nature, this result suggests
that correctly accounting for heterogeneity is important in order to correctly evaluate the
impact of the 2008 fiscal stimulus.
Our paper is related to an extensive literature estimating the marginal propensity to
consume out of transitory income shocks, and a smaller, complementary literature examining how it varies across households. As previously mentioned, the vast majority
of existing papers study observable drivers of the MPC; we relate our findings to this literature. A burgeoning literature has turned its attention to unobserved household traits
and preference heterogeneity. Our findings corroborate the importance of this dimension,
7 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.
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recently highlighted by Alan, Browning, and Ejrnaes (2018), Parker (2017), Aguiar et al.
(2019), and Gelman (2019).
Our approach allows us to flexibly and non-parametrically combine observed and unobserved MPC heterogeneity. In this respect, Misra and Surico (2014) is closest in spirit
to our work.8 They estimate a quantile regression of consumption responses to the 2008
tax rebate using the same data, and find substantial heterogeneity. However, quantile
regression estimates the role of regressors at specific points in the overall conditional distribution of the dependent variable. We discuss 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 consumption changes
than the tax rebate. Indeed, we find in simulations that quantile regression overstates the
dispersion of MPCs, particularly in the left tail. We not only estimate a different MPC distribution relative to Misra and Surico (2014) (in particular, one featuring a lower bound on
MPCs that is considerably higher), but we also find new relationships with observables.
Finally, we believe our findings can be used to discipline heterogeneous agent models,
for three main reasons. First, our estimated full distribution of MPCs is an agnostic target,
regardless of a model’s characteristics. Second, individual correlations between MPCs
and observable characteristics are crucial objects for many heterogeneous agent models,
and we are able to estimate them with statistical precision. Third, we provide researchers
with an explicit number for the joint importance of observable and unobservable drivers
for the distribution of MPCs.
The paper proceeds as follows. In Section 2 we describe our empirical strategy based
on the 2008 tax rebate. In Section 3, we formulate the problem at hand and present the
FCP estimator. We extend FCM from the cluster means case to a fully-general regression
setting, as well as instrumental variables regression, and derive asymptotic properties of
the corresponding estimators. Our results are outlined in Section 4, where we provide
estimates of the distribution of MPCs for various consumption categories. Section 4.3
discusses observable characteristics that are correlated with the estimated MPCs. Section
4.5 aggregates the estimated household MPCs to arrive at a partial equilibrium effect on
aggregate consumption. Section 5 concludes.
8 Other

papers have used the “reported preference” approach, eliciting MPC heterogeneity directly from
responses to survey questions. Recent examples include Sahm, Shapiro, and Slemrod (2010), Jappelli and
Pistaferri (2014) and Fuster, Kaplan, and Zafar (2018).
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2

Empirical methodology

In order to estimate the marginal propensity to consume, and how it varies across households, we look at an off-the-shelf well-identified quasi-natural experiment: the 2008 Economic Stimulus Act (ESA), as studied by Parker et al. (2013), among others. Between
April and July of 2008, $100 billion in tax rebates was sent to approximately 130 million US tax filers.9 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 also exploit the randomized timing of the rebate receipt,
but instead estimate heterogeneous (and unobserved) marginal propensities to consume
rather than a homogeneous marginal propensity to consume. Our data come from the
Consumer Expenditure Survey (CEX), which contains comprehensive and detailed measures of household-level consumption expenditures. The 2008 CEX wave also includes
supplemental questions on the ESA, including the amount of each stimulus payment received. While CEX expenditures are reported at the quarterly frequency, new households
enter the survey at each month, making the frequency of our data monthly. Since we
depart from Parker et al. (2013) by allowing for treatment heterogeneity, we present their
homogeneous specification first as a useful benchmark, introducing our generalizations
thereafter.

2.1

Homogeneous MPC

Parker et al. (2013) consider the following specification:
∆Cj = β0 Wj + φR j + α + e j , j = 1, . . . , N,

(1)

where ∆Cj is the first difference of consumption expenditure of household i in quarter
t.10 Wj is a set of controls including month dummies aimed at absorbing common time
effects such as aggregate shocks, as well as seasonal factors.11 The independent variable
of interest is R j , which denotes the amount of the tax rebate received by each household. φ
9 We defer to Parker et al. (2013) and Sahm et al. (2010) for an exhaustive discussion of the Economic
Stimulus Act.
10 To maintain consistent notation throughout the paper, we refer to j as the (i, t ) combination of household i in quarter t. We wish to emphasize that while we have information on the same households i in
different periods t, identification is not obtained by comparing individual responses over time. We do not
exploit any limited panel structure, except to construct consumption changes for the left-hand-side variable.
We return to this point below.
11 In 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 will use are the same, but additionally
include age squared.
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is then interpreted as the causal effect of the rebate on expenditures, where identification
is achieved by comparing expenditure 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.12

2.2

Heterogeneous MPCs

We depart from the homogeneous specification in Equation (1) and allow for heterogeneity in the expenditure responses to the tax rebate across households. In particular, we
augment Parker et al. (2013)’s specification as follows:
∆Cj = β0 Wj +

∑


φg 1 [ j ∈ g] R j + α g 1 [ j ∈ g] + e j , j = 1, . . . , N,

(2)

g∈ G

where 1 [ j ∈ g] is an indicator that takes a value of 1 if household i in period t belongs
to a certain group g = 1, . . . , G. That is, we assume that heterogeneity in responses to
the rebate can be summarized with G groups, characterized by the vector of coefficients

α g , φg . We include group-specific intercepts α g to correctly interpret φg 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. Our object of interest is

0
φ =
φ1 . . . φG , which describes MPC heterogeneity, while 1 [ j ∈ g] tells us the
group membership of each household. The vector of coefficients, combined with 1 [ j ∈ g],
gives an approximation of the MPC distribution. In the next section we introduce a new
methodology to jointly estimate φ and 1 [ j ∈ g]. We also discuss how we choose the total
number of groups, G.

3

A fuzzy clustering approach to MPC estimation

In this section, we describe our approach to recovering the distribution of MPCs. We first
outline the FCM algorithm for the cluster means case, before generalizing it to our FCP
methodology, and outlining simulation results. Finally, we compare the FCP approach to
alternative methodologies.
12 Kaplan

and Violante (2014) discuss why φ may not correctly measure the marginal propensity to consume out of a transitory income shock, but is instead better thought of as a “rebate coefficient”. We address
these issues in Supplement D.5.
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3.1

Fuzzy clustering

To estimate group-specific MPCs we must first assign individuals to groups. Previous
papers have grouped individuals based on observable characteristics, but doing so presupposes the determinants of the MPCs a priori. However, we do not suppose to know
these determinants in advance (there is indeed considerable empirical and theoretical disagreement on this point).13 Moreover, we aim to investigate correlates of the MPC ex post,
requiring us to remain agnostic while recovering the MPCs. For these reasons, we group
individuals on the basis of their heterogeneous MPCs themselves (and potentially other
group-specific parameters). Clustering methods are tailored to this goal.
To build intuition for our approach, we start with the cluster means case, where the
econometrician simply wishes to characterize the distribution of means across groups.
This problem consists of minimizing
L1 ( P, ψ) =

Z

G

∑ wg (y; ψ)

y − ψg

2

P (dy) ,

(3)

g =1

where y ∈ R is the observed variable with probability measure P on R, g = 1, . . . , G
indexes groups, and ψ ∈ RG is the vector of cluster means.14 The weights, w g , satisfy
∑G
g=1 w g ( y; ψ ) = 1∀ y. Equation (3) constitutes a weighted least-squares (WLS) problem,
where the weights are unknown. Dunn (1973) shows that if the econometrician does
not have any additional information about the distribution
of y, the optimal solution
to
h
i
2
2
∗
Equation (3) consists of binary weights w g = 1 y − ψg ≤ ky − ψh k ∀ h 6= g . This
“hard” classification corresponds to the so-called hard K-means (HKM) approach (e.g.,
Bonhomme and Manresa (2015)).15 If the econometrician has information to provide a
likelihood for y, then w g can be derived from that likelihood, as in a Gaussian mixture
model, for instance. However, performance can deteriorate (e.g., Winkler et al. (2011)) if
the likelihood is misspecified or there are outliers, which motivates the use of the (optimal) non-parametric weights, w∗g .
Moreover, the binary nature of w∗g is not well-suited to empirical settings like ours.
Some clustering applications focus on cases where y is a T × 1 vector of outcomes (a panel
structure), sometimes even assuming T → ∞. In contrast, in our data, T = 1. Given a
13 We

cover the extensive literature on MPC heterogeneity in Sections 1 and 4.3.

14 For simplicity, we present our theory in the text in terms of scalar-valued y, but our theoretical results in

Supplement A are presented in full generality for vector-valued y ∈ RT to accommodate a panel structure,
for instance.
15 Bonhomme et al. (2019) provide a recent extension tailored to settings where true heterogeneity is not
discrete, a 2-step procedure using HKM for classification in the first step and estimating group-specific
heterogeneity in the second.
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single observation for each individual, in the presence of noise – including measurement
error, which is common in survey data like the CEX – definitive group assignment is an
unrealistic representation of the econometrician’s information. Assigning individuals for
2
whom y − ψg
≈ ky − ψh k2 , g 6= h discretely to a single group has the potential to
mischaracterize group membership and to distort WLS estimates. Indeed, in a simple
example with two Gaussian clusters, the cluster means are shifted outwards, as we show
analytically in Proposition 1 in Supplement A.1. The “fuzzy clustering” literature recognizes that group assignments may be better represented in practice as uncertain, with
observations belonging to multiple groups with some weight in (0, 1). To obtain a set of
weights that is both optimal and non-binary, we must modify Equation (3) so that the
derivative of the objective function with respect to w g is positive at w g = 1 for all g (see
Rousseeuw et al. (1995)). Dunn (1973) and Bezdek (1973) propose a simple solution:
Lm ( P, ρ) =

Z

G

∑ wmg (y; ρ)

y − ρg

2

P (dy) ,

(4)

g =1

where m is a “fuzziness parameter” that determines the deviation from binary assignment. If m = 1, then Lm = L1 , with binary weights, but if m > 1, the optimal weights
are “fuzzy”, with w∗g,m → 1/G as m → ∞. In particular, Bezdek (1973) shows that the
minimization of Equation (4) results in the optimal weights:
µ g (y; ρ) ≡ w∗g,m (y; ρ) =

G

∑

h =1

y − ρg

2/(m−1)

! −1
, g = 1, . . . , G.

ky − ρh k2/(m−1)

The resulting objective function,
Jm ( P, ρ) =

Z

G

∑ µmg (y; ρ)

y − ρg

2

P (dy)

(5)

g =1

is known as “fuzzy C-means” (FCM). Without specifying the distribution of y, and given
the formulation in Equation (4), FCM provides the optimal non-parametric solution to
clustering data in cross-sectional or small-T settings like the one we face empirically
(Bezdek (1973)).
Asymptotic properties for FCM in this simple cluster means case are derived by Yang
and Yu (1992) and Yang (1994), who show that sample estimates of ρ g are consistent for
their population counterparts with normal limiting distributions. FCM has frequently
been found to perform very well in practice, sometimes even outperforming well-specified
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mixture models (e.g., Chapter 6 of Bezdek (1981)).

3.2

Fuzzy clustering regression

While FCM has been widely adopted in practice as a tool to recover cluster means, the
MPC, which we wish to uncover, is a regression coefficient on the tax rebate as outlined in
Section 2. We therefore extend the FCM approach to a regression setting by considering
the model
G

yi =

∑ 1 [i ∈ g] θg0 xi + ε i ,

i = 1, . . . , N,

(6)

g =1

where group membership indicators 1 [i ∈ g] are unobserved and x is a K × 1 vector. We
propose fuzzy C-parameters (FCP) as a novel tool to recover the distribution of heterogeneous treatment effects θ g in Equation (6). FCP replaces cluster means ρ g in Equation (5)
with the conditional mean, θ g0 x:
reg
Jm

(Π, θ ) =

Z Z

G

∑ µg

reg

(y, x; θ )m y − θ g0 x

2

Πy| x (dy | x ) Π x (dx ) .

(7)

g =1

where θ ∈ Θ ⊂ RK ×G , Π denotes the distribution of (y, x ) and

G

reg

µ g (y | x; θ ) ≡  ∑

h =1

y − θ g0 x

2/(m−1)

 −1



2/(m−1)
y − θh0 x

, g = 1, . . . , G.

(8)

As before, Equation (7) has the interpretation of a WLS regression, where the weights
are unknown. We define θ ∗ as the population minimizer of the objective in Equation (7).
Our approach determines group weights based on the data alone, without requiring a
classification a priori.
Asymptotic properties of fuzzy C-parameters
We now characterize the asymptotic properties of an estimator, θ̂, based on the sample
counterpart of Equation (7). In Supplement A.2, we provide detailed proofs of these
properties, generalized to allow y to be vector valued (as in panel data).
reg
Substituting µ g in Equation (8) into Equation (7) and taking first-order conditions
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with respect to θ yields a set of moment conditions
"

reg

∂Jm
E
∂vec (θ )

#


 G
≡ E [η (θ, yi , xi )] = E 
 ∑

h =1

yi − θ g0 xi
yi − θh0 xi

2/(m−1)

−m



2/(m−1)




 
yit − θ g0 xi xi 
=0

for g = 1, . . . , G,
which are satisfied by θ ∗ . These sample counterparts of these moment conditions can be
used to estimate θ ∗ by (just-identified) GMM using the objective function
S N (θ ) =

1
N

N

N

∑ η (θ, yi , xi )0 ∑ η (θ, yi , xi ) .

i =1

(9)

i =1

Define θ̂ as the solution to (9). To conserve space, we detail all assumptions in Supplement
(A.2), but sketch them here. Assumption 1 presents standard OLS assumptions, extended
to require exogeneity of xi for each group, as well as finite G. Assumption 2 adds standard
additional assumptions for consistency of GMM, in particular the uniqueness of θ ∗ (up to
group ordering) and compactness of Θ. Theorem 1 shows that θ̂ is consistent for θ ∗ , the
population solution to Equation 7:
p

Theorem 1. (Consistency) Under Assumptions 1-2, θ̂ → θ ∗ as N → ∞.
To characterize the asymptotic distribution, we require further standard technical conditions for the asymptotic normality of GMM estimators, outlined in Assumption 3. The
limiting distribution of θ̂ is given by Theorem (2):
Theorem 2. (Asymptotic Normality) Under Assumptions 1 - 3,

√




 d
N vec θ̂ − vec (θ ∗ ) → N 0, H −1 V H −1 ,

where
h
i
V = E η ( θ ∗ , yi , xi ) η ( θ ∗ , yi , xi )0 ,
and H is the Hessian of Equation (7).
We provide expressions for H (including several extensions) in Supplement A.2. With
these results, we are able to conduct inference for the population parameter θ ∗ .
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Practical considerations
In practice, the econometrician must choose both the number of groups, G, and the
smoothing parameter, m; we adopt data-dependent rules to select them. For G, we adapt
the “gap statistic” of Tibshirani et al. (2001) to the regression setting. This approach runs
the clustering algorithm on data with no cluster structure (homogeneous coefficients) and
compares the FCP objective function in this reference distribution to the value obtained
for the empirical data. The gap statistic normalizes declines in (7) as G increases by expected declines in (7) that would arise mechanically even without a group structure; the
optimal G maximizes the gap between the reference and empirical FCP objective function.
We choose m to minimize the loss function
reg

Q (m) = J̄m

θ̂

2

+ Ēm θ̂

2

,

reg

where J̄m is the sample analog of Equation (7), normalized to the range [0, 1], and Ēm is
the sample cluster entropy (see e.g., Bezdek et al. (1984)), measuring dispersion within
clusters, normalized to the range [0, 1]. We trade off the objective function against the
similarity of observations within each group. This approach is related to the method of
Cui et al. (2010) for cluster means. In our data, we select m = 2.35, in line with the range
of values found in the FCM literature.16 Since the optimal value for G is invariant to m in
our data, we choose G and m sequentially.
We implement FCP by numerically minimizing the GMM objective function, as detailed in Section (3.2). The FCM literature has solved the minimization problem iteratively, but we find GMM to be both considerably faster and more accurate in our setting
than the iterative approach. As such, we view casting the problem in a GMM formulation
as another contribution of the paper. Supplement C.1 contains details.
FCP instrumental variables regression
In our empirical setting, the value of the rebate an individual receives is potentially endogenous, so we propose an instrumental variables extension of FCP (FCP-IV). In particular, we consider a two-stage least squares (TSLS) estimator, where we denote the rebate
as x e , additional controls as ω, and the instrument as z (in our case, an indicator for the
16 The

literature generally suggests 1.5 ≤ m ≤ 2.5 (e.g., Bezdek et al. (1984); Pal and Bezdek (1995); Yu
et al. (2004); Jing et al. (2014); Wu (2012)). Optimality results are not generally available (theoretically or
numerically).
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rebate receipt). We estimate the first stage
xie = γzi + τ 0 ωi + ui ,


0 0
e
via OLS, and then generate x̃ie = γzi + τ 0 ωi . We define x̃ =
, and estimate
x̃ ω
Equation (7), replacing x with x̃ as the second stage. In Supplement A.3, we establish the
consistency and asymptotic normality of this estimator.

3.3

Simulation results

To evaluate the performance of FCP in our setting, we conduct a simulation study calibrated to our empirical data. We summarize the main results below, with full details
reported in Supplement C.2. We simulate data according to Equation (6) using the empirical parameter estimates, taking an individual’s true group membership as the group with
maximal weight. We consider three specifications: G = 5 (our empirical baseline), with
Gaussian errors ε i (with group-specific variance); G = 5, with ε i resampled from each
group’s empirical errors; and G = 10, with Gaussian errors (with group-specific variance). For each specification, we estimate the model using FCP (m = 2.35, our empirical
choice), HKM extended to a regression framework (as in Bonhomme and Manresa (2015)),
and a Gaussian mixture model (using the EM algorithm). For each estimator, we report
the mean and RMSE for each MPC, the share of observations misclassified (by maximal
weight), and the median CDF of MPCs (by maximal weight), across 500 simulations.
For G = 5 and Gaussian errors, both FCP and HKM perform quite well by all metrics:
the average point estimates are accurate, the RMSEs are fairly low, only 9% of individuals
are misclassified, and the median CDF recovers the true distribution of MPCs very closely.
The Gaussian mixture model recovers a spuriously wide distribution of MPCs. For G = 5
and empirical errors, FCP continues to perform well, demonstrating a clear advantage
over HKM in terms of average point estimates and continuing to match the true CDF of
MPCs. The Gaussian mixture model recovers a sizable mass of negative MPCs. Finally,
for G = 10, a much more challenging clustering problem, FCP performs remarkably well.
Average point estimates remain reasonably close to the truth, the RMSEs generally fall,
the share misclassified rises only slightly, and the median CDF matches the true distribution of MPCs very closely. HKM recovers a large mass of negative MPCs, while the
Gaussian mixture model recovers MPCs greater than one. Additionally, for FCP, tests of
the null of the true MPCs are generally well-sized. Together, these results support the
ability of FCP to recover the distribution of MPCs in our empirical setting.
Apart from these clustering approaches, quantile regression is used by Misra and
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Surico (2014) to characterize heterogeneous responses to the 2008 tax rebate. Quantile
regression differs from clustering; rather than recovering groupings of the data that share
similar parameters and estimating those parameters, quantile regressions investigate the
relationship between the dependent variable and the regressors at different points of the
conditional distribution of the dependent variable. 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 the 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 C.3.
We confirm quantile regression may provide a poor approximation of the MPC distribution using the empirically-motivated simulation setup described above. We find that,
in this setting, quantile regression estimates spurious dispersion in the MPC, particularly
in the left tail, computing a sizable mass of responses below the lowest MPC and even
below zero. As we argue below, the lower tail of the MPC distribution is indeed a crucial distinction between our estimates and those of Misra and Surico (2014). Quantile
regression also less accurately assigns individuals to MPCs in our simulations. This latter
point is important since we examine determinants of MPC heterogeneity ex post; if individual MPCs are not accurate, results of these regressions will be spurious. Such exercises
also pose a conceptual problem for quantile regression. Following quantile regression, it
is possible to regress percentiles on the characteristics of their members, similar to how
Misra and Surico (2014) plot observables across percentiles. However, it is not possible to
examine the relationship between MPCs and covariates directly. Thus, this exercise relies
on percentiles and MPCs being well-correlated for validity.

4

Results

We apply our FCP approach to the 2008 tax rebate. In particular, our heterogeneous formulation in Equation (2) is a special case of Equation (6), where the coefficients on Wj are
assumed to be common across groups; we then estimate (6) using FCP with m = 2.35, in
particular minimizing
1
N

N

G

j =1

g =1

∑ ∑

0

∆Cj − α g − φg R j − β Wj

14

−2/(m−1)

!1− m


G
with respect to α g , φg g=1 .17,18 Our findings highlight a considerable degree of MPC
heterogeneity whose extent varies depending on the consumption category considered.
We first show the distribution of marginal propensities to consume for total expenditures
and illustrate how our results are robust to different specifications and sample selection
procedures. We then investigate how the MPC distribution changes as we consider nondurable and durable goods as the dependent variables. Importantly, our approach also
allows us to directly test whether households display similar propensities for different
consumption goods, or instead substitute across expenditure types when they receive a
transitory income shock such as a tax rebate. Finally, we explore which observable household characteristics are correlated with the estimated marginal propensities to consume,
both individually and jointly, and discuss the partial equilibrium response of expenditures to the 2008 tax rebates in our heterogeneous setting relative to the homogeneous
one.

4.1

The distribution of marginal propensities to consume

We start by considering 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.19 The gap statistic indicates that 5 is the optimal number of groups. For each household that receives the rebate, we compute the weighted
average MPC, using the household-specific weights µi,g and the group-specific MPCs φg
estimated by the algorithm.20 Figure 1 shows the distribution of this object for the (i, t)
pairs receiving the rebate.
The vast majority of households display a relatively low (but certainly non-negligible)
MPC between 0.25 and 0.4, and the share of households with a given MPC slowly decays
as the MPC increases. While under this specification no household can be strictly defined as having an MPC of one, the majority of the sample exhibits a sizable propensity to
consume; our findings suggest that most households consume at least part of the rebate.21
17 The

weights are given by Equation 8, which are a function of the estimates themselves.
show in Appendix D.1 that the estimated MPC distribution is robust to also allowing for heterogeneity in the household level controls.
19 This is the only way in which our sample departs from Parker et al. (2013), and explains why the
homogeneous MPC we estimate for total consumption differs from theirs.
20 Supplement D.3 shows the distribution of the MPC associated with the maximal weight at the individual level. Because we find that many such weights are close to one, the average of MPCs associated with
maximal weights is very close to the average of weighted MPCs.
21 In Section D.2, we report the MPC distribution estimated by HKM and a Gaussian mixture model. The
distribution is qualitatively robust to the estimator used, although there is variation in the degree of dis18 We
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Figure 1: Estimated distribution of MPCs out of the tax rebate

Notes: Figure 1 plots a histogram (light blue bars) of the estimated distribution of MPCs for total expenditures among households that
received the rebate, defined as in Parker et al. (2013). The homogeneous MPC (red vertical line) is estimated assuming a homogeneous
response to the tax rebate as in Parker et al. (2013), following Equation (1). For each household we compute the weighted MPC across
groups. The black vertical line shows the average weighted MPC in our sample.

Fagereng et al. (2016) and Olafsson and Pagel (2018) find sizable spending responses even
for households with high liquid wealth, in Norwegian administrative data and Icelandic
app user data, respectively. We confirm that even the smallest MPCs are substantially
larger than zero, 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. As we discuss in
Section 3.3 and Appendix C.3, our simulations suggest that an extended left tail could
be a spurious feature of the quantile regression approach in this setting, which would
explain the difference in our recovered MPC distributions. A lower bound of the MPC
distribution above zero can be explained by bounded rationality. Ilut 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 perception, households can find
themselves in the midst of a “learning trap”, “which makes the high MPC behavior the
norm, rather than exception.”
Aggregating the individual-level responses, we also find a larger average marginal
propensity to consume than from the homogeneous regression, as shown by the black
persion in the tails. HKM does not estimate any MPC higher than 0.45. The Gaussian mixture model, in
contrast, predicts higher dispersion on both ends of the distribution, also estimating some negative MPCs;
we find exaggerated dispersion to be a property of the Gaussian mixture model in simulations, see Supplement C.2.

16

Table 1: Test for MPC equality
(a) Analytical standard errors

(b) Conditional on FCP weights

MPC
0.25
0.25

0.38

0.57

MPC
0.71

0.76

0.25

6.02

0.25

(0.01)

0.38
0.57
0.71
0.76

0.38

0.57

0.71

0.76

154.55
(0.00)

0.37

1.87

0.38

(0.54)

(0.17)

6.02

0.37

0.17

(0.68)

(0.82)

(0.48)

8.28

78.70

(0.00) (0.00)

0.57

8.05

1.63

0.04

10.51

(0.00)

(0.20)

(0.84)

(0.00)

0.71

0.21

0.14

0.02

0.00

0.43

(0.65)

(0.71)

(0.89)

(0.97)

(0.51)

0.76

2.23

0.75

7.33

(0.14) (0.39)

(0.01)

115.1232.48

0.45

304.07

(0.00) (0.00)

(0.50)

(0.00)

2.35

0.35

0.04

9.89

(0.04) (0.13)

4.37

(0.55)

(0.85)

(0.00)

Notes: MPCs for total expenditures. The two tables show F −statistics from pairwise two-sided Wald tests of equality across MPCs
(the diagonals show tests of equality with zero). The left panel uses the standard errors outlined in Theorem 2. The right panel repeats
the exercise, taking the weights as given. These are equivalent to weighted least squares estimates where the weights are those in
Equation (8), raised to the power m, as in (12). Therefore, to run the
 tests in Table 1(b), we replicate the sample by the number of
groups and estimate ∆Cj = β0 Wj + ∑ g∈G φg 1 [ j ∈ g] R j + α g 1 [ j ∈ g] + e j via weighted least squares, with standard errors corrected
for heteroskedasticity, and compute the Wald tests. p−values are reported in parentheses.

and red vertical lines, respectively. This is not surprising; in general, estimates from a
homogeneous specification like Equation (1) will not equal the average of estimates from
our heterogeneous specification, unless the distribution of right-hand-side variables is
invariant across groups. We discuss this point further in Supplement E, and provide
a statistical decomposition to determine which variables drive this discrepancy.22 We
find that variation in the mean of regressors across groups (particularly for certain time
dummies and the age variable) is principally responsible.
In Table 1 we examine whether the estimated MPCs differ from zero and are statistically different from one another. In the left panel, we make use of the analytical formulas
outlined in Theorem 2 to compute Wald tests of pairwise equality across MPCs. Groups
3 and 5 (ordered from lowest to highest MPC), whose MPCs are not statistically significantly different from zero, are also those with the smallest share of households.23 Relative to the equivalent weighted least squares regression in which the weights are treated
as given, the FCP standard errors are larger because they take estimation error of the
weights into account. Table 1(b) shows that – when group assignment is taken as given
– all MPCs are statistically different from zero. Moreover, most MPC groups are statis22 See
23 4%

Słoczyński (2020) for a recent discussion of this issue in a model with binary treatment.
and 3% of rebate recipients have maximum weight on groups 3 and 5, respectively.
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tically different from each other, at least at the 68% confidence level. Supplement D.3
further shows that the full distribution of MPCs is largely invariant when re-estimated on
bootstrap samples drawn from the data.24
The flexibility of the FCP methodology allows us to nest instrumental variable estimation. This is particularly relevant in our framework, since the exogenous source of the
transitory income shock is driven by the random timing of rebate receipt, but the value
of the rebate itself may be endogenous. We therefore follow the literature and instrument
the tax rebate with an indicator variable for its receipt. In this TSLS specification, we first
regress the rebate value on the rebate indicator and the same controls as in Equation (2),
and then use the predicted values in the second stage. Moreover, we also address potential bias arising from the inclusion of households that never get the rebate, excluding
them from the analysis.25
Figure 2 plots the resulting distribution of weighted MPCs, and shows how it remains
qualitatively unchanged relative to the OLS specification. If anything, instrumentation
uncovers a non-negligible portion of households that consume the rebate in its entirety
and that even display an MPC slightly larger than 1. Moreover, the gap between aggregated and homogeneous response is even larger than in OLS.

4.2

The MPC distribution for different consumption goods

We have shown how households differ with respect to their propensity to consume the rebate. How does the distribution of these propensities change across consumption goods?
The granularity of the CEX data allows us to tackle this question, while our approach
allows us to explore how good-specific MPCs vary at the household level.
First, in the left panel of Figure 3, we report the weighted MPC distribution for nondurable goods.26 As expected, the distribution is shifted to the left with respect to the distribution corresponding to total expenditures in Figure 1, as nondurable goods account
for, on average, only 57% of household total expenditures.
An important share of households consumes a value of nondurables consistent with
the annuity value of the rebate, as suggested by the Permanent Income Hypothesis (Fried24 In particular, we repeat the estimation of the distribution of MPCs for total expenditures, with 5 groups,

over 250 samples obtained with bootstrap with replacement. We find that the average quantiles across
bootstraps are very close to those estimated in the baseline sample, and fairly stable across bootstraps.
25 Households may never receive the rebate because they have different characteristics, such as higher
income. In Supplement D.5 we show robustness to the exclusion of this group for OLS too.
26 Nondurable goods 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).
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Figure 2: Estimated distribution of MPCs out of the tax rebate: two-stage least squares

Notes: Figure 2 plots a histogram (light blue bars) of the estimated distribution of MPCs for total expenditures, defined as in Parker
et al. (2013), using the two-stage least squares specification. We also drop from the sample the households that never receive a rebate.
The homogeneous MPC (red vertical line) is estimated assuming a homogeneous response to the tax rebate, as in Parker et al. (2013),
following the two-stage least squares equivalent of Equation (1). We estimate the model with G = 5. For each household we compute
the weighted MPC across groups. The black vertical line shows the average weighted MPC in our sample.

man (1957)): roughly one third of households have an MPC that is not statistically distinguishable from zero. This suggests that the large lower bound on MPCs, recently found
in the literature and discussed in the previous section, could depend on the type of good
purchased. The majority of households have a small, but non-zero, propensity to consume nondurable goods, and around 8% of households consume nearly half of their rebate in nondurables. The heterogeneity in nondurable MPCs is not only economically
meaningful, but also statistically significant. In Supplement D.3 we show that nearly all
the estimated MPCs are statistically different from each other. Instrumenting the rebate
with the rebate receipt indicator slightly increases both the mass and the values at the
right tail, similar to the results for total expenditures.
As shown in the right panel of Figure 3, we estimate that 73% of households do not
change their durable expenditures in response to the rebate; their weighted MPC is in
a neighborhood of zero and the associated group-specific MPC is not statistically different from zero. A small fraction of households, however, has a durable MPC larger than
one half.27 The dichotomy of this MPC distribution is in line with the discrete nature of
durable goods purchases. This discreteness implies lumpy adjustment and is consistent
with the fact that most households either use most of the rebate to purchase durables, or
27 In line with the tendency shown for other consumption categories, estimating durable MPCs with TSLS

uncovers a group with larger propensity, up to 1.49.
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Figure 3: MPCs out of the tax rebate: nondurables and durables

(a) Nondurables

(b) Durables

Notes: Nondurable goods 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). The
homogeneous MPC (red line) is estimated assuming homogeneous response to the tax rebate. For each household we compute the
weighted MPC across groups. The black line shows the average weighted MPC in our sample. We estimate the models with G = 5 to
allow direct comparability with the distribution of MPCs for total expenditures. We follow Coibion et al. (2017) and define durables
as durable health expenditures, entertainment durables, furniture, jewelry, durable personal care, vehicle purchases, durable vehicle
expenditures, housing durable expenditures (e.g., maintenance and repair commodities such as paint, materials.).

do not adjust their durable goods consumption at all.28
Finally, we assess whether households with high propensities to consume nondurable
goods are also more likely to consume durable goods after receiving the rebate. While we
can rule out substitution between goods, the estimated complementarity – at the margin
– is, however, quantitatively small. The correlation between household-level weighted
MPCs for nondurable goods with those for durables is 0.04, significant at the 5% level,
while the rank correlation is also 0.04. Albeit small, the 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 permanent
unobserved heterogeneity in MPCs, we can investigate what observable characteristics
explain the estimated MPC distributions that we recover. We tackle this issue in the next
section.
28 Our

definition of durables follows Coibion et al. (2017). Parker et al. (2013), instead, define durable expenditures as the difference between total and nondurable expenditures. Using this categorization delivers
very similar results.
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4.3

What drives MPC heterogeneity?

Our approach uncovers the distribution of marginal propensities to consume without
taking a stance, ex ante, on its observable determinants. Consequently, we can use the estimated distribution to understand how MPCs correlate, ex post, with observable characteristics. We start by examining how observables are individually correlated with MPCs.
We then turn to investigate the joint relationship between the estimated MPCs and various household characteristics. As such, we contribute to the literature in two ways. First,
we show that, with our approach, a large number of statistically significant individual
correlations between MPCs and observable drivers emerge. This is true despite the fact
that we use a dataset and an identification strategy which previously failed to find statistically significant relationships (see Parker et al. (2013)). We believe that this contrast
underscores the power of our approach. Second, we show how the distribution of MPCs
is jointly correlated with observable characteristics, and can be confident that any lack of
significant correlations is not due to loss of statistical power introduced by progressive
interactions.
Table 2 reports individual correlations. Our estimated weighted MPCs (column (1))
are positively correlated with salary and non-salary income, the mortgage interest-toincome ratio, the average propensity to consume (APC), and log liquid wealth; however,
they are negatively correlated with age.29 As shown in columns 2-4, these findings barely
change when considering the MPC associated with an individual’s maximal weight, or
the MPC distribution estimated via TSLS.30 We also find that homeowners have larger
MPCs, a result that echoes findings in Parker et al. (2013). Moreover, having a mortgage
is associated with an even higher propensity to consume, as shown in Figure 4.
Table 3 reports multivariate regressions of the estimated MPCs on the same observables. Since the inclusion of liquid assets reduces the number of observations, we also
estimate the MPC drivers without taking liquidity into account. The absence of a correlation between the MPC and liquid assets is in line with findings by Parker et al. (2013),
who suggest it might be driven by non-response bias.31 Our results are robust across
specifications and to using alternative MPC definitions.32
29 Additional

relationships hold unconditionally. For instance, we find that households that put money
into a tax-deferred or tax-free educational savings plan have a significantly higher MPC. Moreover, MPCs
increase with education. All these relationships, however, are insignificant when tested jointly with other
observables as in Table 3.
30 In unreported results we also find that correlations with observables are robust to the exclusion of
observations associated with statistically insignificant MPCs for total expenditures.
31 Considering the ratio of liquid assets to total income leaves the coefficients unaffected. Moreover, this
variable is unconditionally uncorrelated with the marginal propensities to consume.
32 All of the regression results are broadly unaffected if using the MPC associated with an individual’s
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Table 2: Individual correlations with the MPC for total expenditures

log salary income
log non-salary income
mortgage interest/income
APC
age
log liquid assets

(1)

(2)

(3)

(4)

0.11***
0.19***
0.06***
0.05*
-0.04**
0.12***

0.09***
0.17***
0.07***
0.05**
-0.04*
0.11***

0.10*** 0.09***
0.18*** 0.18***
0.05** 0.04*
0.02
0.00
-0.04** -0.03*
0.14*** 0.13***

Notes: Table 2 shows the correlations between MPC estimates listed in columns and observables listed in rows. Column (1) uses the
weighted MPC from the WLS specification, while column (2) uses the MPC associated with the maximal weight from the WLS specification. Columns (3) and (4) use the weighted and maximal weight MPCs, respectively, based on the TSLS specification, respectively.
All logged variables take a value of log(0.001) when the raw value is 0 or negative. *, ** and *** denote significance of the correlation
at 10, 5 and 1% levels, respectively.

Importantly, only two explanatory variables remain statistically significant after the
inclusion of additional covariates: non-salary income and the average propensity to consume, both of which are positively correlated with the marginal propensity to consume.
We expand on these two drivers in the remainder of the section.
While higher income households have higher MPCs, it is mainly the non-salary component of income that drives this relationship.33 This effect is partly the result of a particular category of households, such as entrepreneurs or investors (for example, those with
a positive business or financial income), who have a significantly higher MPC. The intensive margin, however, seems to play the most prominent role. Putting the estimates
together, we find that a 1% increase in non-salary income is associated with an increase in
the MPC between 5 and 13 cents for each dollar of the rebate, depending on the specification. Put differently, a 2% increase in non-salary income predicts a 1 standard deviation
increase in the MPC, in our preferred specification in column (2). The importance of
business and financial income for the MPC might suggest the presence of wealthy handto-mouth households, as first posited by Kaplan and Violante (2014). Finally, the positive
correlation between income and MPCs does not only hold for total expenditures, but also
for nondurable expenditures, even when controlling for additional covariates.
maximal weight as the dependent variable.
33 Income 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, dividends, pensions and annuities) and all other income except foodstamps (e.g., retirement, supplemental
security, unemployment compensation), following the categorization in Coibion et al. (2017). Business and
financial income are positively correlated with the MPC.
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.36

.38

MPC

.42

.44

Figure 4: MPCs by housing status

Mortgagors

Outright Homeowners

Renters

Notes: Figure 4 shows the average weighted MPC for total expenditures by housing status of households receiving a rebate. Error
bars show 90% confidence intervals, computed with the standard deviation of weighted MPC within each group.

Some studies find that low-income households have a higher marginal propensity to
spend: see, for instance, Johnson et al. (2006) for the 2001 tax rebate and Jappelli and
Pistaferri (2014), with respect to cash on hand, for Italian data on self-reported MPCs.
Other studies, however, find mixed results or even the opposite relationship, as we do.
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”. 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 associated with higher propensities to
consume, although the overall relationship is U-shaped. We instead find a monotonic
relationship with income, as in Kueng (2018), who studies consumption responses to
regular and predetermined payments from the Alaska Permanent Fund. Boutros (2020)
finds that households whose 2008 rebate was a smaller fraction of their income – typically
higher-income households – had a higher MPC. He explains this finding with 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. The theory
of limited cognitive perception developed by Ilut and Valchev (2020) also delivers rich
agents with high MPCs. Shapiro and Slemrod (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. They also find 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 rationalize these findings via time-varying consumption thresholds.
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Table 3: Explanatory variables: weighted MPC for total expenditures
(1)
-0.032
(0.108)

(2)
-0.125
(0.097)

(3)
-0.361
(0.282)

(4)
-0.379
(0.235)

0.001
(0.007)

-0.006
(0.006)

-0.016
(0.018)

-0.021
(0.015)

0.046∗∗∗
(0.012)

0.066∗∗∗
(0.009)

0.097∗∗∗
(0.029)

0.125∗∗∗
(0.022)

0.054
(0.041)

0.010
(0.034)

0.146
(0.092)

0.073
(0.075)

0.063∗∗∗
(0.016)

0.092∗∗∗
(0.013)

0.116∗∗∗
(0.031)

0.146∗∗∗
(0.025)

homeowner dummy

0.032∗
(0.015)

0.024
(0.012)

0.026
(0.039)

0.022
(0.031)

dummy for mortgage

-0.025
(0.015)

-0.013
(0.012)

-0.042
(0.036)

-0.026
(0.028)

log liquid assets

-0.001
(0.003)

0.004
(0.006)

dummy for liquid assets <= 0

-0.004
(0.040)
723
0.101

0.054
(0.089)
723
0.101

dummy for no salary
log salary income
log non-salary income
mortgage interest/income
APC

N
R2

1079
0.112

1079
0.092

Notes: Columns (1) and (2) use the weighted MPCs from our WLS specification. Columns (3) and (4) use the weighted MPCs from our
TSLS specification. All logged variables take a value of log(0.001) when the raw value is 0 or negative. Non-salary income is positive
for all observations. Standard errors are robust to heteroskedasticity and reported in parentheses. We control for marriage dummies,
education dummies, number of children, age and age squared; those coefficients are not reported. Age and its square are controls in
our FCP estimation. While this does not pose an issue for the point estimates shown in this table, it could potentially affect inference.
However, we repeat the same regressions, excluding age and and age squared, and find that the remaining coefficients are unaffected.
, *, and *** denote significance at the 10, 5, and 1% levels respectively.
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Marginal propensities to consume also increase with the average propensity to consume (APC). Empirically, we define the APC as the ratio between lagged consumption
and lagged total income. We consider income as measured in the first interview for each
household, which refers to the previous 12 months. We lag expenditures to avoid the possibility of a mechanical positive correlation with the MPC. To ensure stability of APCs, we
average expenditures over all the available lagged quarters at the household-level, but the
results are virtually unchanged if we only consider the first lag. Households that spent
1 percentage point more of their income before receiving the rebate spent 9 additional
cents out of each rebate dollar. This effect is significant also for nondurable MPCs and
conditional on a wide array of controls.34
In Figure 5 we show 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
weighted MPC for each quintile pair. The MPC increases with income, conditional on the
APC, and vice versa. As the figure shows, our analysis uncovers three main groups. First,
households with low total income and a low APC display the lowest marginal propensity
to consume. We label these households “poor savers”. Second, households with a high
APC and low total income, and vice versa, display intermediate MPCs. Third, the greatest
marginal propensity to consume is found among households with a high APC and high
total income. We label this group “rich spenders”.35
We regard the results presented in this section as particularly relevant for disciplining macro models of household consumption. First, the average propensity to consume
can easily be computed in a large number of micro datasets with minimal information.
Second, these correlations can be directly tested in even the simplest of consumption/savings models. Existing models, however, predict very different relationships between MPC
and APC. Hand-to-mouth, constrained agents, will typically have large MPC and APC.
As they save towards their target level of wealth, both propensities fall. If agents are
infinitely-lived, they eventually reach the target level of wealth, at which they stop saving (i.e.: APC = 1) and have an MPC equal to the annuity value of the transitory income
shock. A life-cycle model, in contrast, can generate the empirically observed positive relationship between MPC and APC, as old households dissave, but also have a high MPC
due to a low effective discount factor. This standard model, however, generates a clear
34 A

1 percentage point increase in the APC for total expenditures predicts 2 additional cents per rebate
dollar spent on nondurables. This effect goes up to 6 when considering the APC for nondurable expenditures only.
35 We find similar relationships for MPC for nondurable goods, especially the presence of “rich spenders”,
as we show in Supplement (D.4).
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Figure 5: The relationship between MPCs, APCs, and income

Notes: Figure 4 shows the average weighted MPC for total expenditures for pairs of quintiles of APC and log total income. The
colorbar on the right represents the MPC.

relationship between the MPC and age, which our results do not bear out.36
All these characterizations are conditional on homogeneous preferences. Preference
heterogeneity, in contrast, can break these relationships and rationalize some of our findings. Aguiar et al. (2019), for instance, highlight the importance of heterogeneity in the
intertemporal elasticity of substitution in order to generate heterogeneous target levels
of wealth; high-IES households have high MPCs and high APCs. Consistent with this,
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.”
An additional finding underscores the importance of unobserved heterogeneity. All
the observable drivers mentioned in this section — as well as 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
of weighted MPCs on observable characteristics delivers an R2 of 11%, at best. While
other recent studies also find that most observable households characteristics are jointly
36 Moreover, most incomplete markets models typically fail to generate savings rates (APCs) that increase

(decrease) with wealth and permanent income, at odds with what is observed in the data and documented
by Dynan, Skinner, and Zeldes (2004) and Straub (2017).
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uncorrelated with MPC heterogeneity, we can exclude that this finding is solely due to
loss of statistical power.37 Moreover, through the R2 we can formally obtain a statistical
measure of the portion of the variance in the MPC distribution explained by observable
characteristics.
A low R2 could be partly explained by non-linear relationships that are either difficult
to parametrize, or are not captured by variables in our dataset.38 For example, the CEX
contains only sparsely populated information on wealth. In Supplement D.4, we show
the relationship between the MPC and liquid wealth, aware of the potential nonresponse
bias highlighted by Parker et al. (2013), but we refrain from showing any relationship
with total wealth, given the lack of reliable data. While such unmeasured characteristics
could potentially explain some of the variation in MPCs, our results strongly suggest the
presence of latent drivers, since some of those unobserved characteristics may give rise
to the observables we analyze in the first place, such as the APC.

4.4

Robustness to spurious heterogeneity

In this section we show that neither the MPC heterogeneity we uncover, nor its correlation
with observables, is a spurious product of our estimation approach. For this exercise,
we generate data using estimates from the homogeneous regression, with errors drawn
from a Gaussian distribution with the empirical variance. We then obtain FCP estimates
under the faulty assumption that five groups are present, and repeat the same analysis
for 250 Monte Carlo samples. Table 4 shows that imposing spurious heterogeneity on a
homogeneous distribution does not significantly bias moments of the distribution.
Limited spurious heterogeneity, however, arises towards the tails, driven by particularly noisy draws in the simulation. To show that these spuriously estimated MPCs do
not invalidate our headline results, we regress the estimated weighted MPCs for each
sample on the array of observable predictors used in specification (2) of Table 3. On average across samples, all the estimated correlations are almost exactly 0. For illustrative
purposes, Figure 6 displays the distribution of the t−statistic for the coefficient on the
APC, across samples. In only 6.8% of the samples is there significant evidence of a relationship between MPC heterogeneity and APC at the 5% level, a size distortion within
the scope of Monte Carlo error. The same is also true for coefficients on all other observables, with even lower shares of significant coefficients. Further, a common concern when
37 See,

for instance, Table 6 in Fagereng et al. (2016).

38 As discussed, our results are robust to different sets of explanatory variables.

We also run a linear Lasso
for the selection of the array of predictors. Regressing the MPC on the selected right hand side delivers the
same R2 .
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Table 4: Over-fitting G: average quantiles of the MPC distribution across simulated samples
Average

p25

p50

p75

0.31

0.31

0.31

0.31

G=1

0.31
(0.11)

–

–

–

G=5

0.30
(0.27)

0.25
(0.27)

0.30
(0.27)

0.35
(0.28)

truth:

Notes: Table 4 reports the average of various summary statistics of the distribution of (weighted) MPCs across Monte Carlo samples.
The first row reports the truth, which is 0.31 for all statistics, since the distribution is homogeneous. The second row corresponds to
a correctly-specified homogeneous regression in repeated samples (with the standard deviation across samples below in parentheses)
and the fourth to FCP incorrectly assuming the presence of five distinct groups. pxx denotes the xx th percentile. The final row
reports the standard deviation of each moment for the G = 5 specification across simulated samples. Results are roughly unchanged
computing medians across simulated samples, as well as distributions of the MPC associated with an individual’s maximal weight.

using the CEX data is the role of measurement error. These exercises also serve to show
that grouping on noise alone – like measurement error – does not lead to either the type
of distribution that we recover or the correlations with observable characteristics that we
estimate.

4.5

Aggregate partial equilibrium effects of the 2008 ESA

In this section, we estimate the partial equilibrium (PE) aggregate response to the 2008
tax rebate based on our estimated heterogeneous coefficients. For this exercise, we use a
lagged specification that takes into account the possible persistent effects of rebate receipt,
as in Parker et al. (2013). In particular, we estimate the following model:

0

∆Cj = β Wj +

∑



φg 1 [ j ∈

lag
g ] R j + φg 1 [ j

∈

g∈ G

lag
g] R j



+ α g 1 [ j ∈ g] + e j , j = 1, . . . , N,

(10)
where the coefficient
represents the lagged effect of the rebate for group g.39 We
do not force a household group membership for household i to be fixed across t, since
we want to preserve flexibility. Even if individuals’ preferences may be constant, the
MPC may be time-varying, due, for instance, to changes in state variables such as income
and wealth. To correctly estimate the cumulative response to the rebate, we therefore
lag
φg

39 Kaplan and Violante (2014) suggest that the rebate coefficient might differ from the marginal propensity

to consume because some households in the control group have already received the rebate, and some
households might anticipate receiving the rebate in the future. Adding lagged rebate partially address this
concern. See Supplement D.5 for further discussion of this specification.
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Figure 6: (Lack of) spurious correlations with observables

Notes: For each of 250 simulated samples, we regress the weighted MPCs for total expenditure estimated imposing spurious heterogeneity on the set of observables used in specification (2) of Table 3. Figure 6 plots the histogram (light blue bars) of thet−statistics for
the coefficient on the APC. Total expenditures and baseline OLS specification. The red and black lines represent the critical values for
a 5% test of equality with zero.

track individual weights over the two quarters following the rebate. We use these to
construct the individual 2-quarter total effect of the rebate, by adding twice the weighted
contemporaneous rebate coefficient to the weighted lagged coefficient.40
Figure 7 plots a histogram of this object among those who received the rebate. Relative to the baseline results depicted in Figure 1, the distribution spreads out, with some
households having a total effect near zero. Moreover, as depicted in Figure 7, the estimated partial equilibrium effect of the tax rebate more than doubles relative to its homogeneous counterpart, from 0.28 to 0.69. Indeed, accounting for individual heterogeneity
of treatment effects becomes even more important, even if the object of interest is simply
the average response; as a share of 2008-Q1 aggregate consumption in our sample, the
total effect is equivalent to 3.6%. Broda and Parker (2014) find that the stimulus increased
consumption by 1.3% and 0.6% in Q2 and Q3, respectively.
40 For

example, a household may be categorized to be in some group a in the period in which they receive the rebate, and then in some group b the period after they receive the rebate. For such an individual,
we construct the individual 2-quarter total effect of the rebate by adding twice the contemporaneous relag
bate coefficient for group a to the lagged rebate coefficient of group b, since φg captures the change in
consumption relative to consumption in the period of rebate receipt.
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Figure 7: Estimated distribution of total 2-quarter effect of the tax rebate

Notes: Figure 7 plots the histogram (light blue bars) of the estimated distribution of the total effect of the 2008 ESA for total expenditures, defined as in Parker et al. (2013), using the lagged specification in Equation (10). The homogeneous MPC (red vertical
line) is estimated assuming a homogeneous contemporaneous and homogeneous lagged response to the tax rebate, as in Parker et al.
(2013). For each household we compute the weighted MPC, weighted across groups g ∈ G. The black vertical line shows the average
weighted MPC in our sample.

5

Conclusion

We develop a flexible clustering approach to uncover heterogeneity in the marginal propensity to consume. In particular, our fuzzy C-parameters methodology extends the fuzzy
C-means algorithm to regression problems, is well-suited to cross-sectional settings and
has a better simulation performance than competing clustering approaches and quantile regressions. Our approach has three main advantages, which allow us to obtain as
many empirical contributions. First, we can estimate the full unconditional distribution
of MPCs, which could be driven both by latent factors and observable characteristics,
without having to take a stand on the latter. Second, we can investigate, ex post, how
MPCs individually correlate with observables, without being subject to the loss of statistical power that is likely to affect existing methodologies. Third, we explore how MPCs
are jointly correlated with observables, and obtain a formal estimate of the portion of the
MPC variance they explain.
Taking FCP to the data on the 2008 Economic Stimulus Payments, we find that households display a considerable degree of heterogeneity in their marginal propensities to
consume. Even after estimating the full unconditional distribution, households spent at
least one fourth of the rebate within one quarter. Nondurable consumption, however, is
characterized by smoothing for most households. We do not find evidence of individual30

level substitution across consumption goods in response to transitory income shocks, but
rather a very mild positive correlation. Finally, we explore what observables – individually and jointly – best predict different portions of the MPC distribution. We are able to
retrieve various statistically significant relationships with the MPC, and show that only
those with non-salary income and the APC survive the inclusion of additional drivers.
Our findings suggest that there exists a tight relationship between marginal and average propensities to consume, which is easy to derive in many models of consumption
behavior and yet has received relatively little attention. Moreover, since observable characteristics explain a minor portion of the estimated MPC heterogeneity, we posit that
other latent factors, such as preference heterogeneity, might be important in determining
marginal propensities to consume.
Finally, two caveats help to highlight possible avenues for future work. Importantly,
we measure the distribution of MPCs to the 2008 tax rebate. This means our estimated
distribution uses 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 experience positive transitory shocks, we cannot speak to income windfalls, to which households may respond
differently (Fuster et al. (2018)). However, the fuzzy C-parameters approach we develop
can easily be applied to other datasets with suitably identified transitory income shocks,
making comparisons straightforward. We leave such exercises for future work.
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