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Abstract

We identify exogenous, transitory, and unpredictable shocks to labor income by combining ele-
ments from both the quasi-experimental and structural approaches in the consumption smoothing
literature. We find that household consumption is highly sensitive to monthly labor income shocks.
This suggests that temporary income volatility has a large welfare cost. Furthermore, consump-
tion is most sensitive for households with low liquidity and almost unchanged for households
with high liquidity. Our findings that consumption is sensitive in a welfare-relevant setting and
that there is a steep, precisely-estimated liquidity gradient help to distinguish between competing
classes of consumption models.
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1 Introduction

Many households face substantial fluctuations in labor income from month to month. For example,
the standard deviation of monthly labor income changes is around 30 percent in the United States.!
At the same time, households report holding few liquid assets that could be used to buffer such
volatility. According to the Survey of Consumer Finances, 40 percent of Americans have less than two
weeks” worth of income in liquid assets. This combination of high monthly income volatility and low
liquid asset holdings raises concerns that it may be difficult for households to smooth consumption
from month to month. Yet, perhaps surprisingly, there is little empirical evidence on how typical
month-to-month fluctuations in labor income affect consumption and even less evidence about how
this consumption sensitivity varies with liquid wealth.

The lack of clear evidence on the consumption sensitivity to monthly income fluctuations has con-
tributed to theoretical uncertainty in explaining why consumption might be sensitive to transitory
income changes. The most compelling evidence of sensitivity comes from the response to unusual
windfalls of non-labor income.2 But these windfalls are rare, and data to evaluate their consumption
impact is even rarer. It is therefore difficult to distinguish between competing explanations for sensi-
tivity. For example, is sensitivity driven by low liquidity, as in benchmark models, or is it elevated even
for high-liquidity households, as in some recent models? Unfortunately, the windfall studies are often
underpowered to detect how this sensitivity varies with liquid assets. Furthermore, since windfalls are
infrequent, failing to smooth them has small welfare costs. This has generated yet a third potential
explanation for sensitivity: maybe sensitivity to windfalls is simply a “near-rational” response to the
low stakes in these settings, whereas households would actually smooth welfare-relevant shocks (like
monthly income volatility), in line with the Permanent Income Hypothesis.

The goal of this paper is to construct precise estimates of the consumption response to typical labor
income shocks and investigate how these vary by liquid wealth. By doing so, we hope to learn about
the consequences of monthly income volatility and to test between competing theories of consumption
sensitivity.

To precisely measure the consumption response to changes in labor income, we develop an empir-
ical strategy that builds on the strengths of the two main traditions in the consumption smoothing
literature. One tradition uses quasi-experimental variation in income. These research designs cleanly
identify exogenous shocks, but they rely on unusual windfalls. A second tradition identifies income
shocks using covariance restrictions within a structural model of the earnings process.® This approach
successfully captures variation from more typical income sources and can isolate the unpredictable
transitory shocks that are often the target for consumption models. However, this methodology may
suffer from concerns about the endogeneity of labor supply, which can vary with consumption needs.
Our approach seeks to combine the strengths of both traditions, identifying exogenous, yet typical,
transitory, and unpredictable labor income shocks.

First, to isolate erogenous changes in income, we develop an instrument in the tradition of the

1See Ganong et al. (2025) for U.S. evidence, Druedahl, Graber, and Jgrgensen (2023) for Denmark, and Brewer,
Cominetti, and Jenkins (2025) for the U.K.

2Examples of such windfalls include life insurance dividends, restitution payments, tax rebates, veterans’ bonuses,
lottery winnings, and Alaska Permanent Fund payments. See Bodkin (1959), Fagereng, Holm, and Natvik (2021),
Hausman (2016), Johnson, Parker, and Souleles (2006), Kreinin (1961), and Kueng (2018), respectively.

3See Arellano et al. (2023), Attanasio and Pavoni (2011), Blundell, Pistaferri, and Preston (2008), Blundell, Low,
and Preston (2013), Choi, McGarry, and Schoeni (2016), Etheridge (2015), Guvenen et al. (2014), and Hall and Mishkin
(1982).



quasi-experimental literature. Simply regressing consumption changes on all income changes could
lead to bias in the presence of unobserved shocks that affect income and also directly affect con-
sumption (such as sickness or vacations). We therefore instrument for a worker’s change in income
with their coworkers’ change in income. We make the identifying assumption that employer-wide
changes in pay capture shocks that are unrelated to an individual worker’s endogenous labor supply
decision (Koustas 2018). Although this instrument plausibly isolates exogenous shocks, one challenge
in interpreting the consumption response is that changes in coworker pay may be predictable and
persistent.

Second, to isolate unpredictable, transitory changes in income, we implement techniques from the
covariance restrictions tradition in the consumption-smoothing literature. We construct a version
of the instrument that is purged of predictable variation arising from seasonality and the number
of paychecks per month. We further narrow the instrument to capture just the effect of transitory
shocks. Specifically, we instrument for this period’s income change using the change in income from
one period ahead (Hall and Mishkin 1982; Blundell, Pistaferri, and Preston 2008). This instrument
identifies transitory shocks when the firm component of the income process is the combination of unit
root permanent shocks plus fully transitory shocks.* The intuition is that a transitory shock this
period will revert next period, whereas a permanent shock will not. Using the period-ahead income
change therefore isolates only the effect of this period’s transitory shock.

Although such a procedure for isolating unpredictable transitory shocks has been widely used in the
strand of the consumption-smoothing literature that relies on covariance restrictions, its identifying
assumptions have seldom been validated using the standard methods used in the analysis of natural
experiments. To bridge this gap we compare the pre-trends in income and consumption for workers
with high values of the instrument (“treated”) and low values of the instrument (“control”). We show
that testing for differential pre-trends between treatment and control—the canonical test used by
the modern event-study natural experiment literature to validate a parallel trends assumption—also
provides a way to validate the key identifying assumption in the covariance restrictions literature. We
find that the pre-trends for the two groups are similar, consistent with the view that the instrument
captures income changes which are unpredictable to the worker. We further examine the post-trends
in income for the treated and control groups and show that they follow the patterns one would expect
under the assumed income process.

Our empirical strategy therefore connects the natural experiment approach to measuring consump-
tion sensitivity with the covariance restriction approach. The combined approach isolates shocks that
are exogenous (as in the natural experiment literature) as well as typical, unpredictable, and transitory
(as in the covariance restriction literature). Furthermore, our pre- and post-trend tests show that it
is possible to translate the identifying assumptions from the covariance restrictions literature into an
event study framework that can be evaluated using standard techniques from the natural experiment
literature.

To implement this empirical strategy we build a dataset with information on labor income, con-
sumption, and liquid wealth using de-identified administrative bank account records from Chase.
Relative to existing datasets with these variables, the three key strengths of this dataset are a large

sample size of 1.3 million U.S. households, reliable measures of liquid wealth, and employer identifiers

4 Although this simple income process is consistent with our data, we show that our estimates are also robust to
assuming more flexible income processes.



which enable our main research design.

We have three reduced-form empirical findings. First, we find that month-to-month labor income
fluctuations meaningfully affect consumption for the average household. In our main specification,
we find an elasticity of 0.22, meaning that an unpredictable, transitory 10% increase in income in
one month increases nondurable consumption in the same month by 2.2%. Translating this elasticity
into a marginal propensity to consume (MPC), we find a monthly nondurables MPC of 0.10 and a
quarterly nondurables MPC of 0.20.

Second, we find that households’ consumption smoothing varies sharply with their liquid assets.
Households with few liquid assets are an order of magnitude more sensitive than households with
ample liquid assets. Moreover, this downward-sloping gradient is precisely estimated.

Third, comparing relatively predictable to relatively unpredictable income shocks for the same
households, we find that responses to predictable changes in income are more muted. Although our
headline estimate is an elasticity of 0.22, when we include predictable variation in pay from seasonality
and from changes in the number of paychecks received per month, the elasticity falls to 0.11.

In the final section of the paper, we consider the welfare implications of our results by calculating
the cost of temporary income volatility. We combine our empirical estimates with a widely used
model and standard preference assumptions based on Lucas (1987). The model is deliberately simple.
Three sufficient statistics are required to calculate the welfare cost: the elasticity of consumption
with respect to temporary income shocks, the coefficient of relative risk aversion, and the variance of
temporary income shocks.

The model implies that temporary income volatility has a substantial welfare cost. The magnitude
of the cost varies between 0.6% and 1.6% of lifetime consumption, depending on the assumed level
of risk aversion and whether we incorporate the effect of income changes on consumption beyond the
first month. Relative to the benchmark view in Lucas (1987) that a cost of half a percent of lifetime
consumption is “large,” these estimates suggest there could be a substantial welfare cost.

In addition to our empirical contribution documenting the sensitivity of consumption to typical
labor income shocks, this paper makes four contributions to the theoretical literature on consumption
smoothing. All four contributions are made possible by our focus on typical labor income fluctuations.
This focus enables us to precisely estimate the MPC and its gradient with respect to liquidity, to
evaluate the consumption effects of a frequently occurring and therefore welfare-relevant type of income
variation, and to compare the effects of predictable and unpredictable income shocks for the same
households.

First, our finding that MPCs fall sharply as liquidity increases confirms a central prediction of
benchmark models that has been previously difficult to test. In many benchmark models of consump-
tion behavior, the key state variable—and sometimes the only state variable—is the household’s liquid
assets (Aiyagari 1994; Carroll 1997; Kaplan and Violante 2014; Laibson et al. 2024). In these models,
households prefer to have smooth consumption and consumption sensitivity arises only in the absence
of sufficient assets. A central implication of these consumption models is that there is a “tight negative
correlation between the size of the consumption response and the ratio of holdings of liquid wealth to
income” (Kaplan and Violante 2014, emphasis added).

However, it has been difficult to test this central prediction of benchmark models using the

windfall-based identification strategy in prior work.” The possibility of high MPCs for high-wealth

5See Boehm, Fize, and Jaravel (2025), Kueng (2018), and Parker et al. (2013) for examples of windfall papers that



households—informed in part by statistical imprecision regarding the sign of the gradient with liquidity—
has spurred the development of several recent theoretical models which seek to explain why even
households with substantial liquid wealth do not smooth their consumption (Bianchi, Ilut, and Saijo
2023; Campbell and Hercowitz 2019; Ilut and Valchev 2023; Lian 2023; Massenot and Foucault 2022;
Mijakovic 2024). In this paper we find that the MPC out of typical income fluctuations is ten times
larger for low-asset households than for high-asset households. Moreover, because we are able to
construct our instrument for every worker in every month, this gradient is precisely estimated. Our
estimates therefore provide renewed empirical support for this central prediction of benchmark models.

Second, our use of typical labor income fluctuations allows us to test and reject a prediction of
consumption models based on a version of “nearly-rational” decision rules. This strand of alternatives
to benchmark models treats consumption sensitivity not as a result of low-liquidity, but as a natural
response to the low stakes of windfalls. This argument is based on the observation first developed
in Cochrane (1989) that there is close to zero welfare cost of failing to smooth consumption in the
face of small or infrequent income changes. This interpretation implies that households would smooth
frequently-occurring income shocks, in line with Friedman’s Permanent Income Hypothesis, because
the cost of failing to smooth such shocks is large (Fuchs-Schiindeln and Hassan 2016).

The design in this paper addresses the Cochrane (1989) critique by studying a source of frequently-
occurring income fluctuations that, if not smoothed, have a substantial welfare cost: typical labor
income shocks. Most working-age households get the vast majority of their income from labor, and as
a consequence most income volatility comes from labor income instead of non-labor income. Yet we
find that household spending is sensitive even to typical labor income volatility. The results in this
paper thus favor the low-liquidity interpretation of consumption sensitivity over some versions of the
near-rationality interpretation.b

Third, our research design allows us to resolve ambiguity in the consumption smoothing literature
around the average level of the MPC. As noted in Kaplan and Violante (2010), reliable measures of
the average consumption response to income shocks are central for macroeconomic models. Although
we have mentioned that there is a high degree of uncertainty about the gradient of the MPC with
respect to liquidity due to statistical imprecision, there is also uncertainty about the average level of
the MPC arising from a more subtle source: publication bias. A recent meta-analysis by Havranek
and Sokolova (2020) finds that published MPC estimates may dramatically overstate the true MPC
after correcting for publication bias. Such concerns may be muted for our design because the standard
error is less than one cent, and therefore even economically insignificant consumption responses will
be statistically significant at conventional levels.

The paper’s fourth contribution to the theoretical consumption-smoothing literature is to directly

provide seminal evidence of high average sensitivity but have difficulty distinguishing between a positive or a negative
gradient with respect to liquidity. One windfall paper with evidence of a gradient in at least part of the liquid asset
distribution is Fagereng, Holm, and Natvik (2021). That paper estimates MPCs using lotteries, ranks households by
quartiles of liquid assets, and finds that the bottom quartile has a higher MPC than quartiles two, three, and four,
though it is unable to distinguish between a positive or negative gradient among the top three quartiles. The paper
interprets the high average MPC to lotteries through the lens of a luxury bequest motive. In work subsequent to ours,
Baker et al. (2023) documents an MPC gradient out of pandemic stimulus checks. For evidence on the liquidity gradient
outside of natural experiments or outside of transitory shocks, see Baker (2018), Blundell, Pistaferri, and Preston (2008),
Crawley and Kuchler (2023), Gelman (2021), Graham and McDowall (2025), and Souleles (1999).

60ur results are consistent with models such as Kaplan and Violante (2014) and Laibson et al. (2024) in which low
liquidity arising in part from negative income shocks causes high sensitivity. They are also consistent with models where
an alternative channel that is correlated with wealth (e.g., inter-household transfers in Chiteji and Hamilton 2002, or
permanent heterogeneity as in Aguiar, Bils, and Boar 2021, Epper et al. 2020, or Ganong et al. 2024) contributes to
both low liquidity and high MPCs.



test and confirm the hypothesis that households use advance information about income changes to
smooth their consumption. The classic excess sensitivity test based on the Euler equation dating
back to Hall (1978) is that households’ consumption should not respond to predictable income shocks
(whereas households should respond to unpredictable income shocks). Indeed, the Jappelli and Pista-
ferri (2010) review article separates predictable shocks from unpredictable shocks as the key dividing
line in the empirical consumption literature. However, it has been difficult to directly assess the
hypothesis that the consumption response is larger when a shock is less predictable because it re-
quires comparisons across distinct natural experiments that differ both in terms of predictability and
on many other dimensions as well. Because our methodology captures both predictable and unpre-
dictable variation in labor income for the same households, it offers more direct evidence on the role
of advance information. We find larger responses to less predictable shocks than to more predictable
ones, consistent with this classic conjecture of consumption models.”

The paper proceeds as follows. Section 2 describes our research design and identification strategy.
Section 3 describes the data. Section 4 describes our empirical results. Section 5 quantifies the welfare

cost of income volatility using a simple model. Section 6 concludes.

2 Research Design

Our aim is to estimate the sensitivity of consumption to transitory, unpredictable, and exogenous
shocks to typical labor income. Our empirical strategy can be summarized as using two-stage least

squares:

Acit = o+ BAyi + Gt (1)
Ayir = ¢ — pAY;( i p)441 + Vit (2)

where i indexes households, ¢ indexes time (months), ¢ is the log of monthly nondurable consumption,
y is the log of monthly labor income, and j indexes firms.

The crucial step in our empirical strategy is the first stage in equation (2). In this step, we
instrument for a household’s income change this period with —Ay;_; ) ;41: the negative period-

8 This approach builds on two distinct traditions in the

ahead income change of their coworkers.
consumption-smoothing literature. The first tradition uses covariance restrictions to isolate transitory,
unpredictable shocks. This is reflected in our use of the period-ahead income change. The second
tradition uses quasi-experiments to isolate exogenous shocks. This is reflected in our use of a coworker
instrument.

The rest of this section details this empirical approach. We begin by defining the underlying object
of interest, and address some of the idiosyncrasies of applying our method in a monthly setting. We

then discuss the ideal experiment together with alternative empirical approaches that try to capture

"We do not literally find zero response to predictable income shocks. The starkest form of this prediction is that
no variables which are known at ¢ — 1 can predict the change in consumption from ¢ — 1 to ¢ (Hall 1978). However,
Jappelli and Pistaferri (2010) notes some ways that the starkest form of the prediction might fail without providing
a compelling rejection of the Euler equation. These include liquidity constraints and non-separable preferences over
time use and consumption (Attanasio and Weber 1995). When looking at the consumption effects of more predictable
income shocks, we find a strong gradient with respect to liquidity, suggesting that liquidity constraints are one relevant
channel in our setting.

8 As we show below, the change is multiplied by negative one because the income growth in period t + 1 is inversely
related to transitory shocks in period t.



the ideal experiment. Next, we present diagnostic tests to assess the identifying assumptions of our
preferred approach. Finally, we address the endogeneity of labor income by using pay changes for

coworkers.

2.1 Environment and Object of Interest

A traditional way to think about the consumption response to income shocks is through the lens of

the classic permanent-transitory income process

Yit = Zit + €4t
Zit = Zig—1 + Nigt (3)
= AYit = Yit — Yit—1 = it + D&y = Mg + it — Eip—1-

Under this income process, log income in each period consists of two independently and identically
distributed (iid) mean-zero shocks e;; and n;; with nonzero variances O’? and 0727. €;¢ is transitory
while 7;; is permanent. These assumptions have several testable predictions, which we discuss and
then test below. We also consider alternative income processes with a more general auto-regressive
component in Appendix B.3, and show that our results are robust. Moreover, given the concerns raised
in Commault (2022), we confirm in Appendix B.4 that our data are consistent with an assumption
of no serial correlation in the transitory component of income. It is important to note that in our
preferred specification, described in Section 2.5, we instrument for income using variation in coworker
pay, which isolates firm-wide shocks to income. In our final specification we therefore only require
that the structural assumptions above apply to the firm component of the income process. The
worker-specific income process can in principle be more general.

Next, we specify a consumption function:

Aciy = Bymit + Beeit + Git, (4)

allowing for different responses to permanent and transitory shocks to income. This consumption
function can be derived from a life-cycle model of consumption and savings with constant relative risk
aversion preferences (Blundell, Low, and Preston 2013). In this paper, the key object of interest is (¢,
the consumption response to a transitory income shock.

Income growth and consumption growth in equations (3) and (4) are best understood as changes net
of predictable movements, thus explaining the absence of any intercepts. In a classic implementation of
the covariance restrictions approach, Blundell, Pistaferri, and Preston (2008) study annual earnings,
where predictable movements are best explained by time trends and age profiles. They therefore
residualize their variables from these trends.

We implement a similar approach to purge predictable variation in our setting with monthly
earnings. At the monthly frequency there are two important sources of predictable movements in
income. First, there is firm-specific, recurring annual seasonality. This could be driven, for example,
by annual bonuses or lulls in operations that occur at the same time every year in a firm and that,
importantly, differ in timing across different firms. We account for this seasonality by creating a linear
predictor of monthly income growth based on income growth from 12 months prior. We calibrate this

linear predictor using a simple optimization routine. The remaining residual no longer features a



correlation between income growth today and that of 12 months ago. The second important source
of predictable variation is driven by the number of paychecks within a calendar month. Workers
who are paid fortnightly, for example, receive two paychecks in most months but receive an extra
third paycheck in some months, a phenomenon that is knowable in advance. To address this second
predictable component, we specify our instrument for income in terms of pay per paycheck, which
abstracts from the number of paychecks. Additional detail on these adjustment procedures is described
in Appendix B.

In the next two sections, we assume that equations (3) and (4) hold and introduce additional
assumptions that are sufficient to identify the consumption response to a transitory shock 5.. We also
discuss testable predictions that enable us to assess if the equations are an accurate summary of the

underlying income process.

2.2 Estimators: Ideal Experiment and Prior Literature

The ideal experiment for identifying the consumption response to a transitory shock is a randomized
controlled trial (RCT), which we refer to as the “S; RCT” because it identifies the 8. parameter in
equation (4). A sample of households are randomly assigned to a treatment group (D$ = 1) or control
group (D = 0). Members of the treatment group receive a one-time boost to log income of p. in

period t*. That is, experimental income, yF°7 (D) is

yRCT(DE)* y'l-t—"_Die,LLg ift=1¢*
it i)

. (5)
Yit otherwise

where y;+ is log income for each worker, as above. By construction, the income shock in the experiment

is orthogonal to the rest of the income history. Let consumption still be characterized by equation

(4). Importantly, the treatment transfer is unannounced prior to period t*. It follows immediately

that using the treatment indicator as an instrument for income in period t* identifies the parameter

Pe.

Result RCT (5. RCT)
Under random assignment of a shock to log income in period t*, we are able to identify Be using
the following ratio:
E (cipr |[Df = 1) — B (cip= |[Df = 0)

Bs,RCT = = f
E (3757 [D; = 1) —E (417 | D =0)

where inECT is log income, inclusive of the treatment payment.

This proof and all others below are provided in Appendix C.

In contrast to the ideal experiment, an ordinary least squares regression, Ac;y = o+ BorsAyit + Cit,
will not identify any of the structural parameters of interest because of three distinct problems. First,
Ay;; mixes permanent and transitory shocks to income. Benchmark theories of consumption predict
very different responses to permanent and transitory shocks, and so an estimate that mixes the effect
of both types of shocks will be hard to interpret (Jappelli and Pistaferri 2010). Second, Ay, includes

both new transitory shocks (e4) as well as predictable reversions of past transitory shocks (g¢—1);



according to economic theory, the former should affect consumption but the latter should not.? Third,
Ay;+ is a combination of exogenous shocks, such as a change in shift scheduling or a demand shock
to one’s firm, and endogenous variation in labor supply, such as a pre-planned vacation. In the latter
case, Bors will include jointly determined movements in consumption and income by the household
or worker. For example, Bors will be biased downward if the worker takes time away from paid work
during a period of higher-than-normal consumption (such as a vacation or a health emergency) or
biased upward if a worker increases their labor supply to finance a specific consumption need. We will
address each of these challenges to estimation in turn below.

These problems have motivated two approaches in the prior literature. First, one common way
to estimate the consumption response to transitory income is via a natural experiment with windfall
income. These are typically analyzed using the same assumptions—that windfalls are orthogonal to
the rest of income and unanticipated by recipient—and the same estimator described above for the “g;
RCT”. As discussed in the introduction, analyses of windfalls have been fertile ground for consumption
researchers, but the ability to draw conclusions for consumption-savings models has been limited by
the fact that such windfalls are inherently infrequent. They are not the type of shocks that households
usually experience and statistical precision is often limited by small sample sizes.

The second common approach to measuring consumption smoothing assumes a set of orthogonal-
ity conditions that allow for identification of .. The following assumptions are sufficient for such

identification:

Assumption IID (IID Income Shocks)
The shocks ;. and e;; are independent and identically distributed (iid) at the (i,t) level:

(nit»€it) ~ 11D
and are further independent of each other
it L gy Vi

The key implication of this assumption is that the shocks are serially uncorrelated, and are therefore
unpredictable given the values of past shocks. Although our assumptions are formulated as orthog-
onality conditions, we follow the prior literature (e.g., Jappelli and Pistaferri 2010) in calling this
the “covariance restriction” approach. This is because covariance restrictions are sufficient to iden-

tify consumption sensitivity to temporary and permanent income shocks.?

We make the stronger
assumptions described here because they yield additional empirical implications that can be inspected
to help validate the model.

In addition, the approach requires the following:

Assumption CE (Consumption Exogeneity)

Git L (Wit €irs) Vs

This final assumption embeds two important implications. First, it imposes the restriction that

households do not anticipate the shocks to income, at least not in any way that affects consumption.

9See Appendix D.
108pecifically, identification is possible under a weaker set of assumptions than Assumption IID, namely that
cov(Acit, Mit+1) = cov(Acit, €i¢+1) = 0. Kaplan and Violante (2010) refers to these as “No Foresight” assumptions.



While we can test whether the income shocks are “predictable” by the econometrician, we can only
assume that households do not have private information about future shocks. Second, it implies
that unobservable determinants of consumption are not correlated with contemporaneous shocks to
income. In other words, it assumes that all observed income changes (net of predictable changes) are
exogenous. This assumption would fail if, for example, a worker took a vacation or had a health shock
that changed both their labor income and their consumption. In Section 2.5 below, we show how our
use of an instrument allows us to achieve identification under a weaker exogeneity assumption. For
the rest of Section 2.2, however, we maintain this stronger assumption.

Under these orthogonality conditions, we can show the following identification result, previously
derived in Hall and Mishkin (1982) and Blundell, Pistaferri, and Preston (2008), which we refer to
henceforth as “HM-BPP”:11

Result HM-BPP (Identification of 3.)

If Assumptions IID and CE hold, the ratio of the covariance between consumption growth and
the (negative) one-period income growth lead, and the covariance between income growth and the
(negative) one-period income growth lead, is equal to Be (Hall and Mishkin 1982; Blundell, Pistaferri,
and Preston 2008):

cov (Acit, —Ayi1+1)  cov (Aci,eir)  Peo?

5 g
Be,HM-BPP = = ===
cov (Ayit, —Ayit+1) var (et) o:

The term cov (Acit, —Ayi141) /cov (Ayir, —Ayi¢+1) in Result HM-BPP can be interpreted as an
instrumental variables (IV) regression of Ac;; on Ay, instrumenting for Ay, with the negative of its
one-period lead, which in turn is equivalent to the coefficient from an OLS regression of Ac;; on g;.

We provide intuition behind the use of —Ay; ;11 as the instrument in the next section.

2.3 An Event Study Approach to Assessing the Credibility of Covariance Restric-

tions

The HM-BPP result requires strong assumptions—namely that income consists of a permanent unit
root component and a fully transitory component, that these permanent and transitory shocks are
IID and therefore unpredictable, and that these shocks are exogenous with respect to consumption.
We now show that it is possible to assess the validity of these assumptions using tests that are very
similar to those used in the quasi-experimental literature to assess the identification assumptions in
event study research designs. Intuitively, if the instrument for income is predictable to the econome-
trician then we should see systematic differential pre-trends for income. Even if it is unpredictable to
the econometrician, if it is anticipated by the household then we might see differential systematic pre-
trends for consumption. And finally, if the income process really is the combination of fully transitory
shocks and unit root permanent shocks then this will have implications for post-trends of income.
As a means of building intuition, we present results for a discretized version of the HM-BPP
instrument. We focus on a particular time period, t*, as our “event time” and assign workers to

“treated” and “control” groups based on their change in income between periods t* and t* + 1:

Djp = 1(—=Ayi 11 > M_py) (6)

HIn Appendix C, we derive this result in more detail.



where M_x, = median(—Ay; ++1). We label the group with the steeper income decrease from t* to
t* + 1 as treated because the transitory shock in period t* is negatively correlated with the change in
income from period t* to t* 4+ 1. Separating workers into treatment and control groups allows us to
use difference-in-differences and event study methods as a bridge between covariance restrictions and
a quasi-experiment. This exercise is in the spirit of Lamadon, Mogstad, and Setzler (2022), who use
a difference-in-difference framework to illuminate their structural identification strategy.'? Finally, in
order to map our predictions to common event study approaches, we normalize log income relative to

a pre-event period:

it = Yit — Yigr+r, 7<0 (7)

Under the assumptions from HM-BPP, five testable predictions follow for the binary instrument.
Appendix E reports analogous results for the continuous case.

First, income in the treated group is higher than in the control group at t*:

Testable Prediction 1 (First Stage: Positive Income Difference at ¢*)
If Assumption IID holds, the average difference in (normalized) log income between the treated
and control group in period t* is equal to the average difference in the transitory shock in period t*,

and is positive:

E (i

D’i,t* = 1) - ]E (ﬂi,t*

Diﬂg* = 0) =E (Ez’,t*

Djy = 1) —-E (6@5*

Diﬂg* = 0) >0

This difference, which can be thought of as a first stage regression, shows that the instrument isolates
variation in the transitory shock in period t*.

Second, there are parallel trends in pre-event income between the treated and control groups:

Testable Prediction 2 (Parallel Pre-event Income Trends)
If Assumption IID holds, the average difference in (normalized) log income between the treated

and control group during periods before t* is zero, i.e. there are parallel trends:
E (i ¢+ 1k | Dijr = 1) = E (Jige4 |Dig= = 0) =0 for k<0

This test is reminiscent of the test in Blundell, Pistaferri, and Preston (2008) footnote 20 for whether
the first difference of income covaries with lags of the first difference in income. Our test differs in
that we use normalized log income instead of first differences and we make use of a discrete version
of the instrument for better comparability with typical event study diagnostics.

Although our focus is on the response of consumption to the transitory shock in period t*, the

model also produces predictions about the path of income beyond the event period:

Testable Prediction 3 (Negative Income Difference at ¢* + 1)
If Assumption IID holds, the average difference in (normalized) log income between the treated

and control group in period t* + 1 is equal to the average difference in the permanent and transitory

12They impose covariance restrictions on the process for firm value-added shocks and use an event study framework
to show that the shocks to value-added appear to be permanent. We use a similar strategy to show that shocks to
worker income appear to be transitory.

10



shocks in period t* + 1, and both average differences are negative.

E (fipe 11 |Digr = 1) —E (fipe 11 | Digr = 0) =E (=41 | Digr = 1) = (nig= 41 | Digx = 0)
<0
+E (gio41 |Digr = 1) —E (gi4=41 | Dip= = 0)

<0

<0

Testable Prediction 4 (Negative Income Difference at ¢* 4+ 2 Onward)
If Assumption IID holds, the difference in (normalized) log income between the treated and control
group in periods t > t* + 1 is equal to the average difference in the permanent shock in period t* 4 1,

and this difference is negative.

E (Fi4*+k |Dig= = 1) —E (Js =11 |Digr =0) = E (nig=41 |Digr =1) —E (i 41 |Dig= = 0)
<0 fork>1

We do not make use of these post-period patterns to identify 5.. Nonetheless, they produce additional
moments that allow us to further assess the plausibility of our structural assumptions and the nature
of permanent and transitory shocks in this model. Put another way, these predictions show how
we might deconvolute our instrument into three distinct shocks. For example, while there are other
moments of the data that can be used to characterize the nature of permanent shocks (see Blundell,
Pistaferri, and Preston 2008), Prediction 4 points to clear visual evidence that can be recovered with
standard event study techniques. We report the empirical results for each of these tests in Section
4.2,

As in the case of a difference-in-differences estimator or event study, these four testable pre-
dictions show that the discretized version of our instrument implies patterns that can be visu-
ally inspected using panel data. Figure la presents a stylized event study plot of the difference
E (giytwk |D¢’t* = 1) —E (gi’tu_k |Di7t* = 0) for different values of k for the income process in equa-
tion (3). Figure la illustrates a sawtooth pattern for the difference in income between our treatment
and control groups. This reflects the patterns described in the testable predictions.

To understand why these sawtooth income dynamics are predicted under the assumed income
process, it is useful to revisit the definition of the instrument —Ay; 1+ 1. Equation (3) shows that this

instrument can be decomposed as:
=AYy 11 = —Migr41 — i1 + i

In this environment, there are three types of shocks that can lead to an above-median value of

—Ay; p+ 41 (i.e. to a drop in income from t* to t* + 1) :
1. A positive temporary income shock at t* (g;+)
2. A negative temporary income shock at t* +1 (& 1+41)
3. A negative permanent income shock at t* +1 (1 ¢x41)

A positive temporary income shock at t* (shock 1) will cause income to rise at t*, consistent with

11



Figure 1: Stylized Patterns

(a) Event Study Plot of E (ﬂ@t ’Di,t* = 1) —E (gi,t |Di,t* = 0)
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(¢) Plot of E (yfCT [DFoeted = 1) —E (yCT | DFeeled = 0) for the Pooled RCT
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Notes: This figure shows hypothetical event study patterns for the binary version of our instrument for temporary
income changes and how they facilitate a deconvolution of three distinct structural shocks to income. Panel (a) shows
pre- and post-event patterns for the difference between average, normalized income §; ¢ in a group where —Ay; ¢+ 1 is
above-median and a group where —Ay; ¢+ 1 is below-median. Panel (b) shows the difference in average income for
three hypothetical RCTs described in Section 2.4: . increases income at t* (the experiment of interest) while two
nuisance experiments, S_. and f;, decrease income at ¢t* + 1 and at every period from ¢t* 4 1 forward, respectively.
Panel (c) shows that an equal-weighted sum of income in the three RCTs of panel (b), i.e. the Pooled RCT, is equal to
the path of income in panel (a), i.e. the path associated with our discrete instrument.

Testable Prediction 1. Negative temporary or permanent income shocks at t* 4+ 1 (shocks 2 and 3)
will cause income to fall at t* 4+ 1, consistent with Testable Prediction 3. And a negative permanent
income shock at t* 4+ 1 (shock 3) will cause income to remain depressed beyond t* + 1, consistent with
Testable Prediction 4. Because each of these three shocks is iid, they are unrelated to income prior to
t*, so there should be no pre-event trends in income, consistent with Testable Prediction 2. Crucially
for identification, out of these three shocks, only the first one, €; ¢+, is realized and apparent as of t*.
The other two shocks are as of yet unanticipated. The causal impact of just this transitory shock can
then be isolated by measuring the response of consumption at t*.

These patterns also help clarify why the period-ahead income change serves as a useful instrument
for isolating this period’s transitory shocks. Two kinds of shocks can occur in any given period t*. A
transitory shock at t* will revert at ¢t* + 1. The resulting income change from t* to t* + 1 is picked

up by the instrument (i.e. —Ay; 41 o €;4+). But a permanent shock at t* will not revert at ¢* 4 1.
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Because a contemporaneous permanent shock does not cause income to change from t* to t* + 1, this
type of shock is effectively excluded from the instrument. Hence the only contemporaneous shock
isolated by the instrument is the transitory shock.

Although the first four testable predictions implied by the HM-BPP assumptions concerned the
path of income, a fifth and final testable prediction concerns consumption. In particular, the assump-

tions imply parallel pre-trends for normalized consumption between the treated and control groups!?:

Testable Prediction 5 (Parallel Pre-event Consumption Trends)
If Assumptions IID and CE hold, the average difference in (normalized) log consumption between

the treated and control group is zero during periods t < t*, i.e. there are parallel trends:
E (5i,t*+k |D¢7t* = 1) —E (Ei,t*Jrk |Di7t* = O) =0 fOT k<0

This test is similar to the test in the footer of Blundell, Pistaferri, and Preston (2008) Table 5 for
whether the first difference of consumption covaries with the leads of the first difference in income.
The intuition for the test is that because the shocks picked up by the instrument are unpredictable
prior to t*, there should not be any consumption pre-trends. Testable Prediction 5 therefore provides
a way to assess whether the household acts as if the income shock really is a surprise.

Overall, this analysis demonstrates that event-study graphs of income and consumption can be
used to test the assumptions underlying the covariance-restriction methodology and also to visually
assess the magnitude of consumption sensitivity to a transitory shock. In the next section, to clarify
how this design captures the same parameter as the ideal experiment, we show that it is possible to

rewrite HM-BPP as the product of a set of experiments.

2.4 Intuition for Covariance Restrictions via a Mixture of RCTs

The idea that a researcher can capture temporary income shocks at time ¢ using —Ay; 411 as an
instrument may be counter-intuitive to some readers. To build intuition for this result, we will show a
chain of equivalences between the ideal experiment and HM-BPP. Readers already familiar with the
identification approach in HM-BPP may skip this section.

Within the context of the environment described in Section 2.1, we now assume that three separate
experiments have occurred. The first experiment is the original treatment and control sample from
the S RCT in Section 2.2, with treatment now denoted as Df . We also assume that two additional
experiments have occurred which we will refer to as the “_. RCT” and the “3,, RCT.” In each
experiment, assignment to treatment is not announced ahead of time.

Each RCT captures one of the three structural shocks that collectively constitute Ay;;+1. We
assume, without loss of generality, that each RCT features the same number of treatment and control
group members. 4

In the second experiment, a different sample is randomly assigned to a treatment or control group,
indexed by D; € € {0,1}. Members of the treatment group receive a one-time negative transfer in
period t* + 1 of u_, < 0:1°

13Normalized consumption is defined in a similar way to income, Cit =it — Cigxyr, T <O0.

141n general, for a given set of shares in each RCT, there exists appropriately-scaled transfers that preserve our results.

151n practice, it is hard to imagine an RCT where money is taken away from the treatment group. The study could
alternatively give a cash transfer to both treatment and control groups in every period, and reduce the transfer for the
treatment group, only in period ¢* + 1.
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JBCT(pey = J Vit Difu_. ift=t"+1
it i =

_ (8)
Yit otherwise

Additionally, there is a third experiment, the “3, RCT” In this group, treatment and control are

indexed by ﬁ;ﬂ and the treatment group receives a negative transfer of u, < 0 in period ¢* 41 and

every period thereafter:

yBCT (D1 = Yit ) fort <t* )
Yir + D py  fort > t* 41
Figure 1b plots the difference in average log income between the treatment and control groups for
each of the three RCTs.
Finally, for pedagogical purposes, we add an absurd assumption: the D labels for who was in each
RCT have been lost! Instead, the econometrician only has a dataset that is pooled across the three

experiments with a single treatment indicator:!6

1 if Df =1,orD;° =1,0r D} =1

DPooled —
) - - -
0 if Df =0,orD;°=0,0rD] =0

(10)

In this (admittedly unrealistic) environment, we describe a chain of equivalences between the ideal
experiment of Result RCT and the estimator in Result HM-BPP. The first link in this chain is that
the ideal experiment has a more complicated counterpart, namely the pooled experiment, which adds
two new experiments, but still identifies the same parameter. The second link in the chain is that this
more complicated, pooled experiment generates the same variation in income as the binary version
of HM-BPP. Finally, the binary version of HM-BPP is a simplified version of the classic HM-BPP
estimator.

The first link in the chain is that with this pooled experiment, one can still recover [S;:

Result Pooled (Parameter Equivalence of Pooled RCT and Simple RCT)
Using the Pooled RCT, we are able to identify fe using the following ratio:
E (Ci,t* DiPooled — 1) —E (Ci,t* DlPooled — 0)
E (yﬁgT }DiPooled — 1) —E (yfth ‘Dll?ooled — 0)
D= 1)~ (e [ D5 = 0)]
F=1)—E (47D =0)]

Bs,Pooled =

where yft%CT is log income, inclusive of the treatment payment.

The key step in the proof is going from the observed experiment in line one to the unobserved

experiment in line two. At time t*, the only difference in income known to members of any of the

16To account for the fact that the three RCT samples are mutually exclusive, Df = 1 will be used below as shorthand
for (1) originally being a member of the “c RCT” and (2) being in the treatment group, and D¢ = 0 will likewise
identify those analagous control group members. We can think of there being a third value, Df = () for those who were
not originally members of the “8. RCT.” We use a similar convention for the other two RCTs. Everyone in the pooled
sample will have exactly one non-empty indicator.
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treatment or control groups is the transfer to members of the 5. RCT. Thus, the only difference in
consumption patterns in that period is driven by that subgroup. The subsequent differences in income
for the other two subgroups are not known or anticipated prior to period t* + 1. The fact that the
behavioral differences are driven by a subset in period t*, a third to be exact, cancels out in the
numerator and denominator of the estimator. We therefore recover the estimate as if we had a sample
featuring only the ideal RCT group.

The second link in the chain is that this pooled RCT has the same dynamic pattern of income as
the binary HM-BPP instrument:

Result Pooled RCT-HMBPP (Income Equivalence of Pooled RCT and HM-BPP)
If Assumption IID holds, the average difference in (normalized) log income based on the binary
instrument, Djp = 1(—Ayjp41 > M_Ay), is equivalent to the average difference in log income

between the treatment and control groups of the pooled experiment, in all time periods:

E (jie | Disr = 1) =B (e [Di = 0) =B (4} [ D}t = 1) (4T | D¢ = 0) e
where the treatments in each of the three sub-RCTs are defined as:
pe = 3 (E (g3, |Dig= = 1) —E (g4« |Dig= = 0))

pe =3 (E (eipe41 [ Digr =1) —E (ei4041 [ Dig» = 0))
tin = 3 (E (nige41 | Dig= = 1) —E (nig41 |Dig= = 0))

and yﬁCT is log income, inclusive of the treatment payment.

This result can also be seen visually in Figure lc. The figure shows the difference between income
in the treatment and control groups for the pooled RCT. It is the exact same pattern as Figure la.
This is because the change in income captured by —Ay; <41 can be thought of as simply being the
weighted sum of the three hypothetical RCTs in Figure 1b.

Finally, the binary instrument D; s+ = 1(—Ay; 11 > M_a,) is simply a discretized version of the
continuous instrument, —Ay; ¢+ 1. Both the binary and continuous versions of the instrument identify

Be:

Result Wald (Identification of 5. with Wald Estimator)
If Assumptions IID and CE hold, the ratio of the difference in (normalized) log consumption
between the treated and control group and the difference in (normalized) log income between the treated

and control group in period t* is equal to [Be:
E (& |Digr =1) —E (& |Dig= =0)
E (it |Digx = 1) — E (§it | Dig= = 0)

The binary version is useful conceptually because it clarifies the connection to an experiment but

= B

Be WALD =

comes at the cost of throwing away identifying variation in the data. The path of income in Figure
la describes equally well the difference between treatment and control for the binary case as it does

for covariances with a continuous instrument (see Appendix E for more details).
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This chain of equivalences demonstrates that under the structural assumptions of HM-BPP, this
methodology recovers the same parameter as the ideal experiment. Moreover, these structural assump-
tions can be evaluated in an event study difference-in-differences framework similar to the frameworks

used in the quasi-experimental literature.

2.5 Isolating Plausibly Exogenous Income Shocks

While the above method helps to isolate shocks that are transitory, we do need to make strong
assumptions about the exogeneity of these shocks. This is where methods from the other strand
of the consumption smoothing literature, which exploits natural experiments to isolate exogenous
shocks, is helpful. To disentangle changes in income from endogenous labor supply decisions, we use
variation in pay at the firm-level. This approach is inspired by the labor economics model of firm
effects pioneered in Abowd, Kramarz, and Margolis (1999, henceforth AKM). We first extend the
income process by decomposing the transitory and permanent shocks into a firm component and a

unique worker-specific component:

Yit = Zit + &y + gf(i,t%t (11)
Zit = Zig—1+ nl“f’t + njc(i,t),t

where n* and e* are worker-specific shocks, j(i,t) is a worker ¢’s firm at time ¢, and ef( and

it),t?
77{(1’ 1, e the firm effects at time ¢. Equation (11) follows Lachowska et al. (2023) in generalizing
AKM to allow for time-varying firm effects. This results in the following expression for income growth:

Ayis =%+ 0l ), + Al + Asf(i,t) (12

J(i,t), it

We next extend the consumption function to explicitly include firm-specific and worker-specific

transitory shocks separately:

Ac;r = By (77% + n;(i,t),t) + B (5%: + ej'c(i,t),t) + Git (13)
Equation (13) makes a substantive restriction that the consumption response to firm-wide temporary
shocks E; (i), is the same as the response to individual-specific temporary shocks e;;. This assumption

could be violated in the presence of mental accounting or peer effects (De Giorgi, Frederiksen, and
Pistaferri 2020).17
Building on our previous assumptions, we make the following amended ones to incorporate the

firm component of the shock:

Assumption IID2 (IID Income Shocks IT)
The worker-specific shocks 0}, and €% are independent and identically distributed (iid) at the (i,t)
level:
(nit, €it) ~ 11D;

"De Giorgi, Frederiksen, and Pistaferri (2020) documents that idiosyncratic changes in the income of one peer (e.g
an income shock to a “coworker of the spouse of my coworker”) affect consumption via peer effects. One standard story
motivating such a behavioral channel is a “keeping up with the Joneses” logic where my consumption choices are driven
in part by a desire to keep up with the consumption of my higher-consuming peers. It is unclear if this story applies to
the firm pay shocks we study, where most workers in the firm experienced a similar income shock.
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and are independent of each other:
n;-“f’t 1L 5}“‘7} Vt;

and &’

i) OTe iid at the (j,t) level:

and the firm-specific shocks njj.c(i 0.t

f f .
(3,00, €iiy) ~ TID

and are independent of each other

f f
Tioe - Sitae 7t

These three assumptions are, again, formal statements of the iid properties of the various shocks. In

addition, we have a modified restriction on how income shocks relate to current consumption:

Assumption CE2 (Consumption Exogeneity IT)

f f
Gt L (nj(z',t),t+s’sj(i,t),tJrs) Vs

and if 7(i,t) = j(i',t + 1) then

Ci,t 1L (ngl’},twts’gg’},ﬂrs) Vs

These assumptions require that firm-level and coworkers’ individual level income shocks are orthogonal
to innovations to worker consumption. Assumption CE2 does not require that all changes in firm
income are orthogonal to the consumption error. For example, if some workers choose to work in
education because they have a preference for leisure (and spending less money) in the summer, this will
generate predictable seasonality in earnings. As long as our seasonal adjustment procedure (described
in Appendix B.1) is successful, changes in income from say a school’s summer vacation will not show
up in the instrument. Nevertheless, Assumption CE2 would be violated if workers sort to firms based
on private information regarding future non-seasonal firm shocks. An alternative violation—a type
of exclusion restriction violation—would occur if it were the case that changes in e/ affect earnings
via hours worked and hours worked directly affect consumption above and beyond the impact on
earnings.'®

Note, however, that Assumption CE2 is weaker than HM-BPP’s Assumption CE in one crucial
way. It is still satisfied even if a worker’s consumption choices are endogenous to their own specific
temporary changes in income, i.e. cov((;,ely) # 0. Unobserved shocks that affect both income and
consumption (like a vacation, a health shock, or a desire to increase labor supply to finance a specific
purchase) will not be a violation of this assumption. This is the same endogeneity problem that the
quasi-experimental literature seeks to address.

To isolate the firm component of labor income changes, we construct the negative of the leave-out-

mean instrument for income changes using coworkers at the firm j:

1
—Ayj—ip) 1 =—Aln N Z Yo .
J(737t)7t+1 i"j(i/,t+1):j(i7t)7i,7éi

where Nj(_; 1y 441 18 the number of coworkers at firm j in period ¢ 4+ 1. We leave out worker 7 from the

mean to avoid mechanical correlation between this instrument and monthly income changes for agent

181n Section 4.3 we report results from tests for a direct effect of hours worked on consumption.
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1. This approach of using coworker’s income variation is similar in spirit to the research design used
in Koustas (2018).1 Our innovation is to combine this with the HM-BPP research design, yielding
the following identification result with a one-period lead, coworker instrument:

Result ID (Identification of 5. II)
If Assumptions IID2 and CE2 hold, B is identified by using the (negative) one-period lead,

coworker income growth instrument:

A cov (Acit; _ij(fi,t),tJrl) cov (ACm Ef(i’t)’t) Beo?.
Pe,HM-BPP—Co = = = =0
cov (Ayit’ _ij(_i7t)¢t+l) var (E -('7t)7t)

where ‘7]2‘5 is the variance of the transitory firm shock.

Result ID is the key methodological result of the paper, bridging the covariance restrictions literature
and the quasi-experimental literature. It isolates transitory income shocks using the change in income
from t to t + 1 and has a coherent theoretical interpretation, building on HM-BPP. At the same
time, it uses changes in firmwide pay, _ij(—i,t),t 11, as an instrument for changes in own pay and
uses pre-event tests to probe the validity of identifying assumptions, following the quasi-experimental

literature.

3 Data

We study consumption smoothing using bank account data from the JPMorgan Chase Institute
(JPMCI). This de-identified dataset has three advantages over existing data sources: it has a large
sample size with millions of households, it includes reliable measures of liquid wealth, and it contains
employer identifiers, which can be used to construct plausible instruments for income fluctuations.

Our analysis sample is drawn from the 50.1 million households with a Chase checking account
in the JPMCI data from August 2018 to December 2022. The unit of observation is household-by-
employer-by-month.2°

Our analysis centers on three variables from this dataset: income, spending, and assets. JPMCI
categorizes each checking account inflow by whether it appears to reflect income. Most of our analysis
focuses on labor income, for which we observe the counterparty who made the direct deposit. This field
enables us to identify other workers with Chase bank accounts who are paid by the same employer.
This is useful because we use fluctuations in firm pay to instrument for changes in a household’s total
labor income. Figure A-la shows that the distribution of labor income for our analysis sample is
similar to the distribution of labor income for typical employed households in the Current Population

Survey (CPS), with a slight over-representation in the middle of the income distribution.

197t is also complementary to another strand in the consumption-smoothing literature which instruments for earnings
changes using changes in observable firm characteristics such as changes in union contracts (Shea 1995), value added
(Fagereng, Guiso, and Pistaferri 2017), and stock prices (Baker 2018).

20For our purposes, a household is a unit of checking accounts that are administratively linked. This will tend
to capture inflows and outflows for single-adult households and multi-adult households where members share linked
accounts. In principle, a household with multiple, non-linked accounts at Chase, as in the case of a married couple
where each spouse holds independent accounts, will appear as separate observations in the data. However, Ganong and
Noel (2019) shows that 79% of households actively link accounts, consistent with survey evidence suggesting that most
people link their bank accounts administratively when they get married (TD Bank 2014). We do not capture income
sent to non-Chase bank accounts. As we note below, we estimate in the Survey of Consumer Finances (SCF) that
two-thirds of households have checking accounts only at one financial institution.
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The second key variable is a measure of spending on nondurable goods and services. Spending
is measured from debit and credit card transactions, cash withdrawals, and electronic transactions
captured through the bank account. Ganong and Noel (2019) constructs a measure of nondurable
spending in the JPMCI data, and we adopt that definition in this paper. Examples of nondurable
spending include groceries, food away from home, fuel, utilities, clothing, medical co-pays, and pay-
ments at drugstores. Altogether, transactions that can be affirmatively categorized as nondurable
comprise an average of 26 percent of checking account outflows.

Ganong and Noel (2019) shows that this measure of nondurable spending is more comprehensive
than what can be measured in U.S. survey data, but nevertheless has some limitations which are
relevant for this paper. First, we only observe data on bank account and credit card spending at
a single financial institution. We estimate using the SCF that about two-thirds of households have
checking accounts at only one financial institution; for the remaining one-third of households, we miss
some spending through non-Chase bank accounts. In addition, although the data include spending on
Chase credit cards, they do not include spending on non-Chase credit cards. Second, even if we were
to have data on spending from all financial institutions, we still would not observe in-kind transfers,
which may be an important source of consumption smoothing.

The third key variable is the sum of balances in the household’s Chase checking accounts. Analysis
of the SCF indicates that checking account balance is a useful proxy for total liquid assets. Average
log liquid assets increase one-for-one with average log checking account balances, as shown in Figure
A-2. Figure A-1b shows that the distribution of checking account balances for our analysis sample is
similar to the distribution of checking account balances for employed households in the SCF.

Because of computational constraints, we use a 10% subsample of households. However, we are
able to construct a variable for the pay of all coworkers before we draw the 10% subsample so this
restriction does not lead to additional noise in our estimates of the change in firm pay. We also impose
sample screens to ensure that we focus on employed households whose primary bank accounts are at
Chase and for whom we reliably measure labor income (see Appendix F for more details). Our final
analysis sample after taking the random subsample and imposing these screens includes 1,327,214
households and 27,881,033 household-employer-months. Table A-1 shows summary statistics for this
analysis sample for each of our key variables (labor income, nondurable consumption, and checking
balances).

We also use three supplementary datasets to understand the degree to which changes in coworker
pay are correlated with own pay and the source of this correlation. The first data set is the Contin-
uous Wage and Benefit History (CWBH) which captures quarterly wage records for unemployment
insurance (UI) claimants from seven U.S. states. We are able to construct the change in coworker pay
because the dataset includes information on total firm pay and total number of employees at the firm
for each UI claimant. The second dataset is time clock data detailing when workers start and stop
their shifts.>! The company’s software is primarily used by small service-sector firms such as coffee
shops.

The third supplementary dataset is made up of de-identified administrative earnings records from
an anonymous U.S. payroll processor (henceforth PayrollCompany). Following Ganong et al. (2025),
our analysis utilizes payroll data covering the period from 2010 to 2023, during which time Payroll-

Company serviced approximately two million client firms. We observe paycheck information for all

21This dataset is from Homebase (joinhomebase.com).
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workers employed at firms included in the dataset, between two and four million employees monthly.
Although PayrollCompany primarily serves small firms, Ganong et al. (2025) shows that these data
are generally representative of the level of earnings volatility, the prices of labor, the quantities of

labor, and contract types for U.S. workers overall.

4 Results

This section implements the HM-BPP-Coworker research design to estimate the causal impact of
exogenous, transitory, and unpredictable labor income shocks on consumption. We begin by presenting
empirical tests of the research design’s identification assumptions. We then present the paper’s three
main empirical results: first, monthly labor income shocks meaningfully affect consumption for the
average household; second, consumption sensitivity varies sharply with a household’s liquid assets;

third, households are less responsive to relatively more predictable sources of income variation.

4.1 First Stage Estimate and Sources of Variation

The HM-BPP-Coworker research design relies on a number of identifying assumptions. We first
investigate instrument relevance. We find that there is an economically and statistically significant
relationship between own pay and the period-ahead change in coworker pay, which will become the

first stage in the IV estimate below. We estimate

Ayit = ¢ — pPAY (i) 41 T Vit (15)

Firm pay shocks estimated using coworkers have strong predictive power for individual pay. The first
stage relationship is reported in Table A-2 column (1) and depicted graphically in Figure A-3a.?2 We
estimate p of 0.153 with a standard error of 0.007, which means that a 10% decrease in period-ahead
coworker pay is associated, on average, with a 1.5% increase in own pay this period.??

This strong relationship between changes in own pay and changes in firm pay is a robust finding
across many different datasets. We re-estimate equation (15) in payroll data, time clock data, and
in U.S. tax data, each of which are described in more detail in Section 3. Although the JPMCI
estimate of the change in coworker pay relies on the subset of coworkers who also happen to have
bank accounts with Chase, all three of these alternative datasets capture the change in pay for the
universe of coworkers at a given firm. We report these estimates in Table A-4. In the payroll data and
the time clock data we obtain estimates of p of 0.17 and 0.14, respectively, very similar to the estimate

of 0.15 from the JPMCI data. The tax data are only available at the quarterly level. We estimate p

22Figure A-3a uses a linear spline to depict the somewhat nonlinear relationship between coworker pay and own pay
changes. Since the second stage elasticity estimate of 0.25 using the linear spline in Figure A-3c is very similar to
the elasticity estimate of 0.22 shown in Table 1 below in a specification without the spline, we use the less structural
approach without a spline for the remainder of the analysis. Table A-3 reports summary statistics for the coworker
instrument and the fitted values from the first stage regression.

23There are two technical issues which have been found to be important in other contexts but are not important
in our setting. First, we use all workers at firm j in months t and t-1, including workers who leave after t-1 or join
at t. Because the monthly turnover rates at the firms are low, conditioning on stayers would have little impact on
—ij(_i’tmﬂ. Second, we could in principle use an empirical Bayes procedure to adjust for the fact that —Ay]-(_l-’t)’tﬂ

produces a noisier estimate of EQ. for small firms than large firms. However, in this context, such an adjustment

J(ist),t
would have little impact upon our estimate of p . The estimate for p changes little when we limit the sample to firms
with above 50 employees. Because 73% of workers are employed by firms which meet this size threshold, the adjustment

from empirical Bayes for —Ay;(_; 4) ;1 would affect only a small share of workers.
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separately for the seven states in the tax data and find estimates of 0.42 to 0.61, as compared to 0.58
at the quarterly level in the JPMCI data. Other researchers have also found a strong first stage when
estimating similar regressions: Lachowska et al. (2022) report coefficients between 0.56 and 0.65 for
earnings per hour while Koustas (2018) reports an F-statistic of 104 for earnings per fortnightly pay
period (no coefficient or standard error reported). These strong relationships suggest that firm pay
may be a useful instrument for own pay in any employer-employee matched dataset.

We can leverage one of these alternative datasets to provide more detail on the sources of the
pay shocks captured by the first stage in this research design. Although the JPMCI bank account
data cannot separate between different components of worker pay, payroll data can. In particular,
PayrollCompany data separately records changes in base wages (which is the hourly wage rate for
hourly workers and the per-period contracted regular pay for salaried workers), total earnings, and
(for hourly workers) total hours. Figure G-1 separates the first stage variation in PayrollCompany
data into these various sources. It demonstrates that variation in hours worked drives most of the
variation for hourly workers (who make up 60% of U.S. workers), while variation in non-base salary
compensation drives most of the variation for salaried workers. In contrast, almost none of the
variation picked up by the instrument is attributable to changes in base wages. This is not surprising,
since base wages are sticky (Grigsby, Hurst, and Yildirmaz 2021) and the instrument is specifically

constructed to isolate transitory rather than permanent changes in pay.

4.2 Diagnostic Tests Using Pre-and Post-Event Trends in Income and Consumption

Next, to assess whether the other identification assumptions are satisfied, we implement the event-
study diagnostics for income and consumption proposed in Section 2.3. Define treatment following

equation (6) except using coworker income instead of own income as:
Dj = 1{_ij(—i,t*),t*+1 > M_py} (16)

Figures 2a and 2b study income and consumption for workers in the treatment group D;;+ = 1 and
in the control group D; ¢+ = 0 for s < t*.24 Four patterns are readily apparent.

First, the most striking feature of Figure 2a is that income increases for the treatment group and
falls for the control group at time 0 (equivalent to time ¢* in our formal notation). This clarifies
that comparing observations with different values of treatment D;;« captures the difference between
workers whose income goes up versus workers whose income goes down. Thus, this is akin to a dose-
response difference-in-difference design, comparing relatively more treated (positive transitory shock)
workers to relatively less treated (negative transitory shock) workers.

Second, Figure 2b shows that consumption diverges sharply between the treatment and control
groups in period 0, coincident with the divergence in income between the two groups. This pattern is
consistent with a causal impact of income on consumption.

Third, income and consumption are trending similarly for the treatment and control groups in the
year before treatment is realized. Thus, it appears that parallel pre-trends is satisfied. Finally, there
is a secular trend where income and consumption are trending up over time for both the treatment

and control groups.

24This figure and all subsequent event studies imposed a balanced panel restriction. We subset to households with
positive labor income and positive consumption in all months between t = —12 and ¢t =0
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Figure 2: Time Paths of Income and Consumption Using Binary Instrument

(a) Income

Log income relative to t=-4
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(b) Consumption
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Notes: This figure shows the time paths of income and consumption using a binary instrument as defined in equation
(16). The first panel shows the levels of log seasonally adjusted income relative to ¢ = —4 for the treated and control
groups. In these plots event time 0 corresponds to time ¢t* (the date of instrument realization) in the formal notation.
The second panel shows the levels of log consumption relative to t = —4 for the treated and control groups.
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These observations motivate us to generalize equation (15) to show the dynamics of income using

an event study-like specification:

12

Yirrs= Y prx Wk =1"+5} X Dipe + b5+ Viprts (17)
k=—12,k#£—4

where s captures time relative to treatment t* and the ¢4 controls absorb the upward secular trend
in income shown in Figure 2a. Although some event study specifications normalize p_; to zero, we
instead normalize p_4 because it makes it easy for the reader to evaluate changes in income in the
months immediately prior to t*.2®

Figure 3 reports estimates and confidence intervals from equation (17). We use two different
definitions for D; 4. The first is the binary definition from equation (16), which clarifies the connection
to an event study with two groups. The second is D ¢+ = —Ay;_; ;) 441, which allows for continuous
treatment intensity and is our preferred version for estimating consumption sensitivity leveraging
all the variation in the data. To ease interpretation, in each panel we report both the event study
coefficients that we estimate from the data and event study estimates that are generated when we
simulate income using equation (11).26 This simulated income series provides a benchmark for what
the event study estimates would show if the assumptions underlying the empirical approach were
satisfied.

Figure 3 empirically tests (and confirms) each of the four theoretical predictions for income detailed
in Section 2.3 and summarized in Figure 1, as well as the continuous counterparts of those predictions
detailed in Appendix E. First, as in Testable Prediction 1 (“First Stage”), we see a substantially
higher income for treatment than control at ¢*.27 This supports the claim that the research design
captures a transitory income shock at t*. Second, as in Testable Prediction 2 (“Parallel Pre-Event
Income Trends”), we see no differential pre-trend in income between treatment and control for s < 0.
This indicates that shocks to coworker pay are unpredictable from the econometrician’s perspective.

The third and fourth testable predictions concern post-trends in income. As in Testable Prediction
3 (“Negative Difference at t* +1”), we see substantially lower income for treatment than control at
t* +1. And as in Testable Prediction 4 (“Negative Difference from t* + 2 Onward”), we see slightly
lower income for s > 2.28 Both of these post-trends are what we would expect under the assumed
permanent-transitory income process; they are the result of transitory and permanent shocks at ¢* 4 1.
Although the instrument captures three types of structural shocks, giving rise to this sawtooth pattern
in income, the crucial point for identification is that the only one of these three shocks realized as of
date 0 is the transitory shock at time t*. The method therefore calls for examining consumption only
through date 0 to assess the causal impact of just this transitory shock.

We assess the fifth and final testable prediction of the identifying assumptions by examining

pre-trends in consumption in Figure 4, which we plot alongside the path of income. Concretely, we re-

25Normalizing p_4 = 0 is equivalent to normalizing log income by income in period t* — 4, i.e. setting r = —4 in the
results of Section 2 or Appendix E.

26We provide detail on this simulation in Appendix H. The key point is to explore whether an income process with
the general transitory and permanent shock structure that we assume generates a sawtooth pattern in income consistent
with the pattern we observe in the data.

27For the continuous case, po = 0.17 which is very similar to the estimate of p = 0.15 above. They are not identical
because the former uses a dependent variable of y; s« — ¥; ¢ _4 while the latter uses a dependent variable of y; 1+ —
Yitx—1-

28The fact that income is only slightly lower is consistent with the interpretation that at the monthly level, temporary
firm shocks are much more important than permanent firm shocks.

23



Figure 3: Income Event Study Around Instrument Realization

(a) Binary Instrument

Event study coefficient
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(b) Continuous Instrument
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Notes: This figure shows the time path of event study—like coefficients py from estimating equation (17) using a binary
instrument (as defined in equation 16) in the first panel, and a continuous instrument (as defined in equation 14) in
the second panel. The regressions are estimated using seasonally adjusted income changes. The two figures compare
estimates obtained from the JPMCI data to estimates from simulating income using equation (11). The simulation
includes both worker and coworker shocks (see Appendix H for details). Both panels include uniform 95% confidence

intervals for the empirical estimates.
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Figure 4: Income and Consumption Event Studies Around Instrument Realization

(a) Binary Instrument

Event study coefficient
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(b) Continuous Instrument
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Notes: This figure shows the time path of event study-like coefficients pj for income and consumption from estimating
equation (17) using a binary instrument (as defined in equation 16) in Panel (a), and a continuous instrument (as
defined in equation 14) in Panel (b). The estimates in Panel (a) recover the difference between the treatment and
control groups depicted in Figure 2. Both panels include 95% uniform confidence intervals.

25



estimate equation (17) substituting ¢; ;4 as the dependent variable. Testable Prediction 5 (“Parallel
Pre-Event Consumption Trends”) predicts that consumption trends similarly for workers who will see
an increase in income at ¢ = 0 and those who will see a decrease. The figure supports this prediction.
The finding that workers do not appear to adjust consumption before the pay shock is realized is
consistent with the assumption that this shock is unanticipated. Of course it could still be that the
household has some degree of advance information, but is unwilling or unable to adjust consumption
ahead of the income shock. The farthest we can go is to show that the household at least acts as if
the shock is unanticipated.

The absence of pre-event trends for income and consumption together with the sawtooth post-
trends for income are consistent with the identifying assumptions underlying our empirical approach.
These findings motivate a focus in the rest of the section on the contemporaneous effects on consump-

tion at time ¢ associated with the change —Ay;(_; ) 441

4.3 Causal Impact of Income on Consumption

The event study patterns shown in Figures 2 and 4 provide visual evidence that consumption rises in
response to a transitory income shock. A simple Wald estimator can be used to quantify the effect of
income on consumption from the binary event study in Figure 2. The relative income change between
treatment and control is 2.16% and the relative consumption change is 0.52%, implying an elasticity
of 0.52 / 2.16 = 0.24.

To obtain quantitative estimates of consumption sensitivity using the full support of firm pay

shocks, we estimate equations (1) and (2), repeated here for convenience:

Acit = a+ BAyit + Git (18)
Ayit = ¢ — pPAY (i) e+1 T Vit (19)

As we discuss in Section 2.1, in order to remove predictable changes in pay the coworker instrument
—ij(,i7t)7t 11 is measured as monthly pay per paycheck and is the residual after removing recurring
annual seasonality. Household labor income changes Ay;; are also seasonally adjusted. In a number of
cases, when a household 4 has labor income from more than one employer j in a given month—because
there are two workers in the household or because one worker has two jobs—then the household-month
enters the regression twice. In each case changes in consumption Ac; and labor income Ay;; are
aggregated at the household level, while the instrument _ij(—ii)i 41 is employer-specific. Thus we
define the unit of observation as the household-employer-month and use two-way clustered standard
errors by firm j and household i.

Table 1 column (1) reports our headline estimate of the consumption response to a transitory
income shock. We estimate an elasticity of nondurable consumption to income of 0.22 (3=0.22), with
a standard error of 0.015.2930 This estimate, which leverages the full support of firm pay shocks
using the regression approach in equations (18) and (19), delivers the same conclusion as the simple

Wald estimate from the binary event in Figure 2. This similarity reinforces the connection between

29Figure A-3b shows a binscatter of the reduced-form and Figure A-3c shows the second stage.

30The result is robust to allowing for an alternative income process that features a more general autoregressive
component. In Appendix B.3 we derive an estimator for the elasticity to transitory shocks under an income process
with an autoregressive component with coefficient less than one. When we implement this estimator in our data we
recover an elasticity of 4 = 0.20 with a standard error of 0.013, similar to our headline estimate.

26



Table 1: Impact of Income on Consumption

) (2) ®3) (4) ()

A Log Income 0.221 0.274 0.183 0.189 0.109
(0.015) (0.018) (0.009) (0.008) (0.003)
(A Log Income) x Checking —0.475 —0.334 —0.348 —0.166
(0.047) (0.022) (0.019) (0.006)

Coworker Instrument Period-Ahead - Period-Ahead Pay Per Check Pay Per Check Total Pay

Pay Per Check Pay Per Check

Seasonal Adjustment Yes Yes Yes No No

Type of Income Variation Captured by Instrument

New Transitory Shock Y Y
Predictable Reversion of Transitory Shock

Permanent Shock

Predictable Recurring Annual Changes

Predictable Pay Schedule Variation

<o
oK
<R

Notes: This table reports estimates of the elasticity of consumption with respect to income (8). Columns (1) and
(2) show IV estimates of the effect of income on consumption using equations (19) and (18). Column (2) controls for
checking account buffer. The checking buffer variable is parameterized as BufferRank/N - 0.5, so that the variable is
scaled from —0.5 for the lowest asset buffer household to 0.5 for the highest asset buffer household. Column (3) shows
IV estimates using a contemporaneous coworker pay per paycheck instrument, rather than a period-ahead one. Column
(4) shows IV estimates using a contemporaneous coworker pay per paycheck instrument without seasonal adjustment.
Column (5) shows IV estimates using a contemporaneous coworker total pay instrument without seasonal adjustment.
All specifications use data from 27,881,033 household-employer-months. Standard errors, which are clustered two ways
at the household-job level, are reported in parentheses.

Figure 5: Dynamic and Cumulative MPCs

(a) Monthly MPC (b) Cumulative MPC
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Notes: This figure shows the monthly and cumulative MPC out of a transitory income shock. Panel (a) plots the
month-by-month MPCs, while Panel (b) plots the cumulative MPC out of the shock. Ninety-five percent confidence
intervals are reported. Standard errors are two-way clustered at the household—job level. Point estimates and standard
errors are reported in Table A-5. See Appendix J for further details.
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our empirical approach and a standard event study difference-in-differences framework used in the
quasi-experimental literature, as foreshadowed in Section 2.4, Result Wald.

We also report our consumption sensitivity estimate in terms of an MPC since some of the prior
literature and many structural models focus on MPCs rather than elasticities. We translate our
elasticity into an MPC by rescaling our estimate by the ratio of mean nondurable consumption to
mean income in our sample.?1:32 We estimate a monthly nondurable consumption MPC of 0.10, with
a standard error of less than one cent (see Figure 5 and Table A-5).33

We implement four tests which indicate that the consumption sensitivity we document is not
driven by high-frequency substitution of spending across months, by changes in time use, by spending
categories with weak links between expenditure and actual consumption, or by local macroeconomic
trends. First, we investigate the concern that monthly consumption sensitivity estimates may simply
be picking up inter-temporal substitution—an increase in current consumption could be coupled with
offsetting reductions in the near future. To assess this concern, we follow previous literature in tracing
out the dynamic response of consumption over multiple periods, i.e. the intertemporal marginal
propensities to consume (iMPCs) (Auclert, Rognlie, and Straub 2024; Boehm, Fize, and Jaravel 2025;
Parker et al. 2013). We extend the consumption function in equation (4) to allow consumption to
more flexibly respond to a transitory shock in the contemporaneous month and in the two subsequent
months and estimate those dynamic responses.?*

The left panel of Figure 5 plots the MPC in the month of a transitory shock and in the two
subsequent months, while the right panel plots the cumulative MPC. Contrary to an offsetting of the
initial response, we find that the consumption response continues to build over the subsequent two

months, translating to a cumulative quarterly MPC of 0.20.%°

This shows that households are not just
responding to firm pay shocks by reallocating spending from one month to the next. Furthermore, it
suggests that households are not simply dipping into their stockpiles while keeping true consumption
smooth, since Baker, Johnson, and Kueng (2021) shows that such inventory management happens at
a time horizon shorter than one quarter.36

Second, we find little evidence that spending fluctuations are being driven by work-related ex-
penses. We define a spending category as work related if it exhibits a larger-than-median drop at
retirement (Aguiar and Hurst 2013). We find that the spending response for non-work-related ex-
penses is 0.26, similar to the overall spending response (Table A-6). This is consistent with the view

that changes in spending are driven by changes in income rather than changes in time use, as required

31 An alternative strategy would be to estimate equations (18) and (19) in levels instead of logs. However, this is
not our preferred strategy because a dollar-based specification upweights the consumption response of high-income,
high asset households (Yitzhaki 1996), whose shocks are larger in dollar terms (but not in percentage terms). This
concern arises because our research design captures the average response to shocks of varying sizes. In contrast, previous
strategies estimating shocks that are similar in dollar terms across groups do not have this bias in estimating MPC
measures using a levels specification.

32 As discussed in Ganong and Noel (2019), average nondurable spending measured in JPMCI data is in between
nondurable spending benchmarks from the Consumer Expenditure (CE) Survey and the National Income and Product
Accounts (NIPA) measure of Personal Consumption Expenditures (PCE). Readers who seek to scale our MPC estimates
to match NIPA benchmarks following the procedure in Broda and Parker (2014) should multiply our MPCs by 1.5. We
discuss this scaling in more detail in Appendix I.

33When calculating the standard error of the MPC we do not incorporate sampling error of the scaling factor, which
would make a negligible difference given the large sample size.

34See Appendix J for further details and identification proofs.

35We lack the statistical precision to say much about responses farther out than one quarter.

36Baker, Johnson, and Kueng (2021) also shows that household stockpiling is mostly driven by sales, whose timing is
determined by stores rather than by a consumer’s individual financial position.
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by the exclusion restriction in Assumption CE2.37

Third, we show that spending is sensitive across a range of alternative measures of consumption.
The most restrictive measure of nondurable spending we consider is one where we subset only to
grocery spending. This is useful because many groceries are consumed shortly after they are purchased.
Table A-6 shows that grocery spending is highly sensitive, with an elasticity of 0.22, the same as the
elasticity for all nondurable spending categories. We also consider a measure of “strict nondurables”
(categorized following the taxonomy in Lusardi 1996), which is broader than groceries but narrower
than total nondurable spending. This in-between measure is also sensitive, with an elasticity of 0.15.

We also follow the method developed by Laibson, Maxted, and Moll (2022) to map our empirical
estimate of the marginal propensity to spend on nondurables (the “nondurable MPX” using their
terminology) into estimates of the marginal propensity to spend on all goods and services (the “total
MPX”) and the model-consistent, or “notional,” MPC. These estimates are reported in Table A-7.
The total spending MPX scales up our nondurable MPX to account for the response of durables. We
find a quarterly total spending MPX of 0.72. The notional MPC is the MPC that should be used as
a target for standard consumption models, and incorporates the fact that spending on durable goods
generates a consumption flow over multiple periods. We find a quarterly notional MPC of 0.23.

Finally, we find no evidence that the consumption impacts we document are driven by unobserved
macroeconomic shocks rather than by changes in pay. If changes in pay were correlated with local
macroeconomic shocks, and these shocks directly affected consumption, this would be a violation
of the exclusion restriction in Assumption CE2. However, Table A-8 shows that our estimates of
consumption sensitivity are nearly unchanged when we add time-by-location fixed effects, narrowing
in on variation across firms exposed to the same aggregate shocks.

Overall, the finding that consumption is sensitive not just to infrequent windfalls (as has been
documented in prior work), but even to frequent monthly labor income shocks has two implications.
First, it suggests that monthly labor income volatility may have large welfare costs. Second, this
behavior is inconsistent with some “near rational” explanations of consumption sensitivity. We discuss

both of these points in more detail in Section 5.3.

4.4 Consumption Smoothing by Liquid Assets

Having documented that consumption is sensitive to temporary income shocks, the next natural
question is “why?” We provide new evidence on this question by constructing precise estimates of
consumption smoothing across the distribution of liquid assets. This analysis follows in a tradition
going back to Zeldes (1989) of measuring heterogeneity in consumption smoothing by asset holdings.
This is useful because a key source of theoretical uncertainty is whether consumption sensitivity is
concentrated among low-asset households or whether it also extends to high-asset households.

To analyze the role of liquid assets, we construct each household’s financial buffer as the ratio of
average checking balance to average nondurable consumption in the six months prior to the payroll
shock. We normalize assets by nondurable consumption because the key state variable in models of
household consumption is the ratio of assets to permanent income (which we proxy for using lagged

consumption).3®

37Section 4.4 provides additional evidence consistent with Assumption CE2. It documents that consumption sensi-
tivity varies sharply with liquid assets, even though the effect on time use is presumably similar across the normalized
liquid asset distribution.

38Since the asset buffer measure is normalized, this does not mechanically imply that low buffer households necessarily
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We begin with a parsimonious regression model of how assets affect consumption smoothing and
then move on to specifications that model the role of assets more flexibly. To integrate data from
across the entire distribution of liquid assets in one simple specification, we re-estimate equations (18)

and (19), interacting both the instrument and the change in income with liquid assets:

Aciy = o+ BAyir + B Myirair + Git
Ayir = & = PAY;(—ip) 01 — PO DY (i) a1 it Vi

where a;; is each household’s normalized asset rank (scaled between 0 and 1 and then centered by
subtracting 0.5). This specification means that § captures the causal effect of an income shock at
the median of the asset distribution, while 3 + 0.55%%%¢" captures the effect at the top of the asset
distribution and 8 — 0.58%%%¢! captures the effect at the bottom of the asset distribution.

Bess€t of -0.48 with a standard error

The results are shown in Table 1 column (2). We estimate
of 0.05. This indicates a sharp and statistically precise negative relationship between consumption
sensitivity and a household’s liquid asset buffer.3?

To compare our results to prior estimates, in the remainder of the section we report the marginal
propensity to consume (MPC) nondurables by quantiles of assets. We do this by estimating equations
(18) and (19) separately for different liquid asset bins, and then scaling our elasticity estimates by the
ratio of average nondurable consumption to average income in each bin.%?

A key source of uncertainty in the prior literature has been whether and to what extent consump-
tion sensitivity to temporary income shocks varies with liquid assets. Although many windfall papers
provide convincing evidence of high sensitivity for average households, the extent of heterogeneity in
this sensitivity by liquid assets has been difficult to assess. Figure 6a illustrates this statistical uncer-
tainty by reporting liquid asset heterogeneity estimates from three seminal windfall papers (Boehm,
Fize, and Jaravel 2025; Kueng 2018; Parker et al. 2013).41 Estimates from all three of these papers are
consistent with an MPC that is falling as liquid assets rise, as in standard models. However, all three
papers’ estimates are also consistent with an MPC that is constant (e.g., liquid assets are irrelevant
for understanding consumption smoothing behavior), and even with an MPC that is rising (e.g., an
MPC that is higher for high-asset households). Moreover, in addition to the uncertainty in empirical
windfall estimates, there is also significant uncertainty about whether there is any liquidity-MPC gra-
dient in the survey literature which asks households to predict their response to hypothetical windfalls
(Crossley et al. 2025). It is quite understandable how, given this uncertainty, a range of theoretical

models have emerged, some of which feature a large role for liquidity while others feature little role

have low levels of checking account balances. Instead, low buffer households are those whose checking account assets
are low relative to their typical consumption levels. Nevertheless, there is a strong correlation between asset buffers
and asset levels, as can be seen in Table A-10. Furthermore, our key results on the relationship between assets and
consumption smoothing continue to hold if we define assets as the level of checking account balances rather than as a
buffer ratio (see Tables A-9 and A-11).

39Table A-9 shows a similarly sharp and statistically precise negative relationship between assets and consumption
sensitivity when assets are measured in levels of checking account balances rather than as a buffer, while Table A-6
shows that this relationship between assets and consumption sensitivity holds for a variety spending definitions.

40Tables A-10 and A-12 show the regression results and scaling factors by asset quartile and decile.

41For U.S. stimulus payments we use Parker et al. (2013) as the benchmark because the MPC heterogeneity estimates
in Johnson, Parker, and Souleles (2006) are less precisely estimated and the estimates in Parker (2017) apply only to
expenditure categories captured in the Nielsen retail panel. More recently Lewis, Melcangi, and Pilossoph (2025) re-
examined the 2008 stimulus payments using the same data as Parker et al. (2013) but employing an alternative approach
to estimating MPC heterogeneity based on clustering regressions. The paper also finds a statistically imprecise (and, if
anything, positive) relationship between liquidity and MPCs.
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at all.

A main contribution of our paper is that we make progress towards resolving this uncertainty.
By studying a typical source of income variation, we are able to construct our instrument for every
household in every month, generating tight statistical precision. Figure 6a compares our estimates
to those in the prior literature and demonstrates that the consumption response to firm pay shocks
declines steeply as liquid wealth rises. Figure 6b moves beyond the cutoffs in the prior literature and
shows even more striking heterogeneity by decile of liquid assets. Moving from the bottom decile
to the top decile of the liquid wealth distribution, the MPC falls from 0.41 to 0.02. Moreover, this
gradient is precisely estimated. If the spending response to labor income is the same as the response
to the windfalls studied in the prior literature, this result resolves much of the statistical uncertainty
in the prior literature. In work subsequent to ours, Baker et al. (2023) similarly documents a precise
negative MPC gradient out of windfall pandemic stimulus checks.

The finding that MPCs decline sharply with liquid wealth provides a test between alternative
theoretical models of the consumption-savings decision. In many benchmark models, liquid assets are
a key state variable and sometimes the only state variable (Aiyagari 1994; Carroll 1997; Kaplan and
Violante 2014; Laibson et al. 2024). A central prediction of these models is that there is a tight negative
correlation between MPCs and liquid assets. However, a number of recent theoretical models—
motivated in part by statistical uncertainty in the estimates for MPCs of high-wealth households—
have proposed explanations for why even households with substantial liquid wealth might have high
MPCs. These include an awareness of future behavioral biases (Lian 2023), bounded rationality
(Tlut and Valchev 2023), diagnostic expectations (Bianchi, Ilut, and Saijo 2023), mental accounting
(Mijakovic 2024), and anticipatory savings (Campbell and Hercowitz 2019).

Although our paper substantially improves precision regarding the degree to which consumption
sensitivity to exogenous temporary income shocks varies with liquidity, there is prior empirical evi-
dence looking outside natural experiments or outside temporary shocks which also points towards a
downward-sloping gradient. This evidence can be organized into three groups. First, looking beyond
natural experiments, Blundell, Pistaferri, and Preston (2008) and Crawley and Kuchler (2023) find
that temporary income changes (which include both endogenous and exogenous changes to income)
have larger consumption effects on households with low assets. Second, looking at clearly-identifiable
but potentially endogenous income changes, Gelman (2021), Graham and McDowall (2025), and
Souleles (1999) find that the consumption effects of predictable tax refunds, whose timing can be
chosen by households themselves, are largest among households with low assets. Relatedly, two pa-
pers, Hamilton et al. (2024) and Kreiner, Lassen, and Leth-Petersen (2019), show that consumption
responses to (endogenously chosen) retirement account withdrawals are largest for households with
low liquid assets. Third, Baker (2018) and Higgins (2025) show that low-asset households have a
larger consumption response to permanent shocks.

One limitation of both our estimates and this prior work is that differences in assets can arise
for many reasons. Thus, it may not be the case that exogenous variation in assets will generate the
differences in consumption smoothing depicted in Figure 6. When high-asset households have lower
MPCs than low-asset households, this could reflect a causal effect of access to assets on consumption
smoothing or it could reflect a selection effect. For example some unobserved factor (like patience)
could cause some households to have both high assets and low MPCs. The best way to assess the

role of potential omitted variables in driving the strong liquidity-MPC relationship we observe is by
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Figure 6: Heterogeneity in MPCs by Liquid Assets
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(b) MPC by Decile of Liquid Assets

Marginal propensity to consume
$0.50

$0.25
g
I X

Lowest 2 3 4 5 6 7 8 9 Highest
Liquid asset decile

$0.00

Notes: This figure shows the relationship between MPCs and liquid assets. It reports both point estimates and 95
percent confidence intervals. Panel (a) compares the estimates from our research design to several estimates in the
prior literature. Parker et al. (2013) groups households by terciles of liquid assets in levels, Boehm, Fize, and Jaravel
(2025) groups by quartiles of net liquid assets in levels, and Kueng (2018) groups by quintiles of liquid asset buffer.
For comparison, we report the MPC from our research design by tercile, quartile, and quintile of liquid asset buffer.
We use the main specification in each paper: Kueng (2018) and Parker et al. (2013) report heterogeneity in quarterly
nondurable MPCs, Boehm, Fize, and Jaravel (2025) reports heterogeneity in monthly card and cash MPCs, and our
paper reports heterogeneity in monthly nondurable MPCs. Figure A-4 compares heterogeneity using quarterly MPC
specifications from all four papers. Panel (b) shows heterogeneity in our estimates of the monthly nondurable spending
MPC by decile of liquid asset buffer. Table A-13 reports point estimates and standard errors for the monthly and
quarterly MPCs by liquidity quantile using our research design.
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leveraging an instrument for liquidity. Unfortunately we do not have such an instrument in this paper.
One prior paper that uses such an instrument is Ganong et al. (2024). Based on a combination of
reduced-form empirical evidence and a structural model, that paper concludes that about two-thirds
of the correlation between MPCs and a household’s current circumstances is caused by liquidity, and
one-third is caused by selection.

The evidence in this paper is agnostic about the source of the liquidity-MPC correlation. It is
consistent with models such as Kaplan and Violante (2014) and Laibson et al. (2024) in which low
liquidity arising in part from negative income shocks causes high sensitivity. It is also consistent with
models where an alternative channel that is correlated with liquidity (e.g., inter-household transfers
in Chiteji and Hamilton 2002, or permanent heterogeneity as in Aguiar, Bils, and Boar 2021, or
Epper et al. 2020) contributes to both low liquidity and high MPCs. In either case, the key moment
that a model must match in order to be consistent with the empirical evidence in this paper is that
the households who typically find themselves with low liquidity are much more sensitive than the

households who typically find themselves with high liquidity.

4.5 Consumption Smoothing for Alternative Broader Instrument Definitions and
the Role of Predictability

Our preferred specification discussed above takes several steps to isolate exogenous, unpredictable,
and transitory shocks to income. In this section, we show how increasingly broad definitions of the
instrument—for which these three conditions might not be satisfied—are correlated with changes in
consumption. To do so, we re-estimate equations (18) and (19) using four different definitions of the
coworker instrument. The benefit of looking at broader definitions of the instrument is to assess the
extent to which any of our key results hinge on these steps, and whether workers appear to respond
differently to different types of income volatility.

Before looking at the results for consumption, Figure 7 shows the dynamic relationship between
household labor income and these broader definitions of the coworker instrument. We re-estimate
equation (17) using total coworker monthly pay, coworker pay per paycheck, and coworker seasonally
adjusted pay per paycheck as the instrument. In all three cases, the key regressor captures a contem-
poraneous change from t* — 1 to t*. Although the definition of the instrument on the right hand side
of equation (17) changes with each specification, the left-hand-side endogenous regressor is always
total labor income at the household level.

The top-left panel of Figure 7 shows the response of worker income to the broadest definition of
the instrument: total coworker monthly pay. Three patterns stand out in the figure. First, there is a
sharp decrease in pay from t* — 2 to t* — 1. This is what we would expect in a model where there are
transitory shocks to income: an increase from t* — 1 to t* will often be the predictable reversion of a
negative temporary shock at t* — 1. Second, there is a spike in pay at t* + 12 and a smaller but still
obvious spike at t* — 12, indicating that some of the coworker pay shock is attributable to annually
recurring seasonality. In further analysis using PayrollCompany data, we find that this reflects—in
order of decreasing importance—annual bonuses, annual wage increases, and hours fluctuations that
occur in the same month each year.

Third, there is evidence of periodicity of coworker pay changes at roughly a quarterly frequency.
This pattern arises because about three-quarters of U.S. workers are paid either every week or every

fortnight. Workers who are paid every week get four checks in eight months of the year and an extra
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Figure 7: Income Event Study Around Realizations of Different Coworker Instruments
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Notes: This figure shows the dynamic response of worker income to broader definitions of the coworker instrument. Each
panel shows the time path of event study-like coefficients py, from estimating equation (17) using various specifications
for the continuous instrument Dj;;«. The top-left panel presents the response to total coworker monthly pay. This
corresponds to the specification in column (5) of Table 1. The top-right panel refines the instrument by dividing total
monthly pay by the number of checks received, corresponding to column (4) of Table 1. The bottom-left panel further
adjusts the instrument and the endogenous regressor for predictable annual seasonality, corresponding to column (3) of
Table 1. Finally, the bottom-right panel isolates an unpredictable transitory shock using the seasonally adjusted pay
per paycheck for one period ahead. This corresponds to columns (1) and (2) of Table 1, and is our main specification.
The black dashed line at time 0 marks the timing of coworker pay instrument realization and is included to highlight the
reversal of the pattern when moving to the period-ahead specification. All panels include uniform 95 percent confidence
intervals.

fifth check in four months of the year; a similar pattern occurs for workers who are paid every fortnight.
At least three prior consumption-smoothing papers have specifically studied the effects of variation
induced by the timing of paychecks (Baugh and Wang 2021; Baugh and Correia 2022; Zhang 2022).

This broadest version of the instrument therefore mixes several different sources of income vari-
ation. In addition to the unpredictable transitory shocks we are seeking to isolate, it also includes
predictable variation from the pay calendar, predictable annual seasonal variation, and the predictable
reversion of the prior period’s transitory shock.

Relative to this broad definition of the instrument, we take three steps to isolate an unpredictable
and temporary shock to workers’ income in our main specification. To eliminate changes in coworker
income driven by pay schedules, we re-define the instrument as coworker total monthly pay divided by
the number of checks received by coworkers. The top-right panel shows that this procedure eliminates
the serial correlation of changes in coworker pay in most months, but the changes at t* 4+ 12 and
t* — 12 still remain.

Next, to address recurring annual seasonality, we re-define the instrument as the instrument from
the prior step minus the predicted change based on coworker pay twelve months beforehand. This
seasonal adjustment procedure is described in more detail in Appendix B.1. The bottom-left panel
shows that this procedure eliminates the correlation between the change in coworker pay from t* — 1
to t* and the changes at t* + 12 and t* — 12. However, there is still a clear dip in pay from t* — 2

to t* — 1, leading to a predictable reversion of that transitory shock between periods t* — 1 and t*.
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Furthermore, there is a subtle indication in the post-period that this instrument also picks up a small
amount of permanent shocks, since the average level in the post-period is slightly above the average
level in the pre-period.

Finally, to isolate a fully unpredictable, transitory shock to income, the bottom-right panel shows
the results for using the seasonally adjusted pay per paycheck for one period ahead as the instrument.
This is the instrument that we use in our main specifications in the paper, reflected in columns (1)
and (2) of Table 1. Relative to the bottom-left panel, this change simply shifts the coefficients one
period forward and multiplies them by negative one. The increase from period t* — 1 to t* no longer
includes the reversion of the prior period’s shock. The fact that the patterns do not change beyond
this is consistent with what we would expect in a stationary environment. Further, the patterns here
mirror what we would expect to see based on the stylized example in Figure 1a.

Columns (3), (4), and (5) of Table 1 show two key results from estimating consumption sensitivity
using the broader definitions of the instrument. First, the results in the prior sections of the paper—
that consumption is sensitive to coworker income shocks (row one) and that there is a strong asset
gradient (row two)—continue to hold with these broader definitions of the instrument. Second, the
elasticity of consumption to income is consistently smaller across the three broader definitions of the
instrument than it is under our main specification in column (2).42 All three broader definitions rely
on variation in coworker income which is partially predictable, for the various reasons discussed above.
Because our methodology is able to capture the consumption response to exogenous income shocks
with varying degrees of predictability for the same households, it offers more direct evidence on the
role of advance information than has been available in the prior literature. We find larger responses to
unpredictable shocks than predictable ones, consistent with many theoretical models of consumption.

It is also possible to ignore the coworkers completely and instead ask how consumption is correlated
with worker income changes using each of the above regressions. Of course, such an analysis will not
capture the causal impact of income on consumption because worker-level income changes include
an individual worker’s endogenous labor supply decisions. However, this exercise is nevertheless
informative about the dynamics of typical monthly income changes. Figure A-5 repeats Figure 7
but substituting a worker’s monthly income, a worker’s monthly pay per paycheck, and a worker’s
seasonally adjust pay per paycheck for the coworker components. The figure shows that the dynamic
patterns of income with respect to a worker’s own change in income from ¢* — 1 to t* are very similar
to the dynamics with respect to coworker income in Figure 7.3 This bolsters the claim that the
coworker instrument is indeed capturing “typical” income fluctuations from the worker’s perspective.
Coworker shocks have the same dynamics as worker-level shocks. The key distinction between the
two is that the coworker shocks are more plausibly exogenous. This suggests that any difference in
the consumption response to worker shocks relative to coworker shocks is likely due to endogeneity
rather than to any differences in the other characteristics of the underlying shocks.

Table A-14 shows that the elasticities estimated using worker income are generally smaller than the
corresponding estimates using changes in coworker income. This suggests that workers’ endogenous
changes in income are associated with a smaller change in consumption than the exogenous changes

in income captured by the coworker instrument. The table also shows that assets continue to strongly

42Row (1) of columns (2) through (5) reports elasticity estimates for the median-asset household using each specifi-
cation. Results are similar if we drop the checking asset control and report the average elasticity instead.

43Permanent income shocks seem to play a slightly bigger role for individual workers than they do for firm-wide
shocks. This can be seen in, for example, the bottom-left panel of Figure A-5 where the estimates are more clearly
above zero, albeit slightly, for periods t* + 1 and forward.
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predict the MPC, consistent with the findings in Blundell, Pistaferri, and Preston (2008) and Crawley
and Kuchler (2023) which use annual data and a similar worker-based approach that mixes exogenous

and endogenous income changes.

5 Welfare Costs of Volatility

We have documented that consumption is sensitive to typical labor income fluctuations. In this
section, we ask whether this sensitivity is economically meaningful. To evaluate this question, we
calculate the cost of temporary income volatility implied by our reduced-form estimates. We combine
our empirical estimates with a simple, widely used framework based on Lucas (1987). We find that
temporary income volatility has a meaningful welfare cost. We then discuss how our finding that
households are sensitive even to frequently occurring income fluctuations with meaningful welfare

costs helps to further distinguish between alternative explanations for consumption sensitivity.

5.1 Framework for Calculating Welfare Cost of Income Volatility

We extend our model of income and consumption from Section 2, and evaluate the welfare cost of
income shocks in the spirit of Lucas (1987). We model log income in each period as the sum of three
orthogonal components: a permanent idiosyncratic component (z;) and a transitory idiosyncratic

component (g¢), as in equation (3), and, also, a predictable, life-cycle/seasonal component (I'¢):

yr =Tt + 2+ e (20)
zt = zt—1 + N,

where &; and 7; are i.i.d. and normally distributed random variables with variances o2 and 03,. These
shocks are inclusive of the firm-level shocks discussed above. We assume E(ef) = E(e") = 1.
Generalizing equation (4), let consumption growth be a function of the different components of

income:

Acy = A& (Ty, 24, Ct) + Beer — Pei—1 (21)

where the error term (; is orthogonal to (T, z,€). This implies that the log of consumption is:

ct = & (Te, 2, Cr) + Beer, (22)

Kaplan and Violante (2010) shows that a function where consumption is linear in temporary income
shocks is a good approximation to predictions from a structural life-cycle model.*4

We now derive a formula, similar to that of Lucas (1987), that captures the welfare gain from
eliminating the variation in income due to transitory shocks. From equation (22) above, we can write

the level of consumption as:

Cy = eCtebeet — C’teﬁeft, (23)

44Relative to the consumption growth in equation (4), the additional term —fB:e¢_1 limits responses to transitory
shocks to one period. The transitory component of this consumption function is a special case of that in our dynamic
model in Appendix J, equation (J.1), where 8.1 = —f8¢,0 and Bc 2 = 0.
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where C; = e is the level of consumption, net of the impact of transitory shocks. We can define the
welfare gain A as the percent increase in consumption in each period that would leave the household
indifferent between facing transitory shocks or having the variation in income due to those shocks
shut off, while preserving the mean of income.*> Assuming constant relative risk aversion (CRRA)

preferences with risk parameter -y, we have:

(Zét ((T+N) Ct) ) —E (iyfi) (24)
t=1

We show in Appendix K.1 that a closed form solution for X exists and, after an approximation of the

natural log function, we have:

2
Ax (Bt (- 1)) % (25)

When S; = 1, this result reduces to the Lucas (1987) result that A ~ 73

5.2 Welfare Cost Estimates

In order to apply this formula in our empirical setting, we need values of (., o2, and ~. For the

o2,
elasticity of consumption to transitory shocks 3. we draw on our main estimate from the first column
of Table 1. For the variance of transitory shocks 03, we show in Appendix K.4 how our general
estimation method can also yield estimates of this variance. Importantly, we only include the variance
of unpredictable shocks for this welfare cost estimate, since the transitory shock in equation (20) is
unpredictable. Hence, we measure this variance after applying our adjustments to remove predictable
income changes arising from paycheck timing and recurring annual seasonality.*® Conceptually, we
would like to capture a measure of the variance of unpredictable transitory income fluctuations arising
from both firmwide shocks and worker-specific shocks. We therefore use all worker-level income
fluctuations, rather than just firmwide fluctuations, to measure this variance.*” This procedure yields
a variance of 0.05.

Table 2 reports the welfare gain of shutting off variance due to transitory shocks for different
combinations of parameters. We produce two sets of results, which allow for varying degrees of
dynamics in the response to a transitory shock. In the first row of Table 2, we assume that the
consumption response to a transitory shock only lasts one month, as modeled above in equation (21).
In this “Monthly” model, we get a range of welfare costs between 0.55 and 0.91 percent of lifetime
consumption. Moving across columns, we see that this cost is increasing in the risk aversion parameter
v, which we vary from one to four. In Appendix K.2 we adapt our welfare measure to a setting with
a more dynamic consumption response that may last up to three months, consistent with our findings
in Section 4.3. In this “Quarterly” or “Dynamic” model, we find even larger welfare costs, ranging

from 1.05 to 1.57 percent of lifetime consumption, allaying concerns over high-frequency intertemporal

45This is equivalent to setting e; = 0 in every period.

46In Appendix K.3, we show how one might extend our welfare measure in the case where predictable transitory
shocks are also welfare relevant. This would result in even larger welfare costs.

47Worker-level idiosyncratic fluctuations can arise from sources that we would want to include in this calculation—
like a health shock or a shock to the firm’s demand for one worker’s labor—as well as sources that we would not want
to include, like leisure. Ganong et al. (2025) calculates that unpaid vacation accounts for only a very small share of
month-to-month earnings volatility, suggesting the bias from simply using all worker-level fluctuations is small.
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substitution driving these results. This is because we find empirically that cumulative consumption

impacts grow, rather than shrink, over subsequent months.

Table 2: Welfare Gain of Eliminating Transitory Shocks

Welfare gain: X
y=1 =2 =3 ~v=4

Monthly 0.55% 0.67% 0.79% 0.91%
Quarterly (Dynamic)  1.05%  1.23%  1.40% 1.57%

Notes: This table reports the results of an exercise in the spirit of Lucas (1987) by calculating the welfare gain
from eliminating unpredictable transitory income shocks. The welfare gain in the first row is calculated using the
approximation in equation (25) and is expressed as a fraction of lifetime consumption. This row only incorporates
the first month’s consumption impact of a transitory income shock. The second row calculates the cost allowing the
consumption impact to last up to three months. See Appendix K.2 for details on this dynamic calculation.

In all cases, our estimates of the welfare cost exceed 0.5 percent of lifetime consumption, and are
consistently above one percent when the full three-month consumption response is incorporated into
the calculation. These estimates may be an upper bound on the true cost of transitory fluctuations
for two reasons. First, as is the case with any calculations within the standard Lucas framework, they
assume that temporary income fluctuations do not directly affect utility (e.g., through changes in
hours worked). Second, they assume that the elasticity of consumption with respect to income for all
unpredictable temporary labor income changes is the same as the Local Average Treatment Effect we
estimate using the firm component of unpredictable temporary changes. Nevertheless, relative to the
benchmark view in Lucas that a cost of 0.5 percent of lifetime consumption is “large,” these estimates
suggest there could be a substantial welfare cost from transitory income volatility. Although Lucas
conjectured that the welfare cost of transitory income volatility might be large if his formula were
applied to individual volatility rather than aggregate volatility, we are unaware of any prior estimate
of these costs.?®

In Appendix K.5 we complement the calculations from our statistical model using the kind of
modern two-asset structural model underlying the low-liquidity interpretation of consumption sensi-
tivity to windfalls (e.g., Kaplan and Violante 2022). We show that such a model can indeed match the
sensitivity to typical labor income volatility that we document and also features a negative gradient in
this sensitivity with respect to liquid assets. With a CRRA parameter of v = 1 and a transitory shock
variance of O'g = 0.05, the welfare cost of transitory income volatility in this model is 0.41 percent,
similar to the welfare cost we calculate using the simple statistical model in Table 2 and using similar

values for v and o?2.

5.3 Implications for Near-Rational Interpretations of Consumption Sensitivity

While our finding of a sharp liquidity gradient provided one test between alternative models of con-
sumption, our finding that households are sensitive even to frequently occurring labor income fluctua-
tions with meaningful welfare costs provides another such test. In particular, this finding is inconsistent

with some models that treat consumption-sensitivity as “near-rational” behavior.

48De Nardi, Fella, and Paz-Pardo (2020) and Hai, Krueger, and Postlewaite (2020) document a significant welfare
gain from eliminating all income volatility (both temporary shocks and permanent shocks). In complementary work,
Constantinides (2025) documents a significant welfare gain from eliminating all permanent idiosyncratic consumption
shocks.
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The logic for the near-rationality argument can be seen by examining the expression for welfare
costs in equation (25). This cost is proportional to the product of sensitivity 5 and the variance of the
shocks 2. A line of argument dating back to Cochrane (1989) argues that when this product—which
captures the upper bound on the welfare loss from setting consumption sub-optimally—is small, it

is hard to learn much about individuals’ true consumption model. Instead, to learn about the true

2

2 is small for

model of consumption it is necessary to look at welfare-relevant shocks. By definition, o
unusual windfalls; even if 3 = 1, yo2 is still small. This line of reasoning suggests that sensitivity to
windfalls may simply reflect a low-cost deviation from the true “rational” model. Under one common
version of this reasoning, households would smooth frequently occurring income shocks, in line with
Friedman’s Permanent Income Hypothesis, because the cost of failing to smooth such shocks is large
(see e.g., Fuchs-Schiindeln and Hassan 2016).

In contrast, we find that households are sensitive even to frequently occurring labor income volatil-

ity. Although our study is similar to prior work in finding a sensitivity estimate (8¢) of around 0.2,

2 9

: 4
2 is much larger.

our study differs in that it analyzes a type of income variation whose variance o,
Finding a high degree of consumption sensitivity even in this setting thus favors the low-liquidity
interpretation of consumption sensitivity over this version of the near-rationality interpretation.

While our evidence is inconsistent with near-rationality theories that conjecture that households
would smooth consumption when welfare costs are high, our evidence is not informative about two
other related types of near-rationality theories. The first is described in the study by Kueng (2018)
of households receiving predictable annual payouts from the Alaska Permanent Fund. That paper
finds that households with a low welfare cost from failing to smooth are especially sensitive. Because
the coworker pay shock that we study results in similar proportional shocks across most groups of
households, we have little power to study heterogeneity in the response by the size of the welfare
loss. We can only document that when the shocks are welfare-relevant, households are still sensitive;
sensitivity isn’t confined to low-stakes environments.

Second, a new and intriguing strand of the near-rationality literature focuses on the emergence
of heuristics or “quick-fixes” in explaining within-person heterogeneity in MPCs. Andre et al. (2025)
finds evidence that households are more likely to have extreme responses (MPCs of zero or one) to
small shocks than to large shocks. Unfortunately, we are unable to measure individual-level MPCs

with our method and so we are unable to investigate this type of behavior.

6 Conclusion

In this paper, we develop a methodology to estimate the effect of exogenous, transitory, and unpre-
dictable shocks to labor income on consumption. Our approach combines elements from two distinct

consumption smoothing literatures—one that looks at quasi-experiments and another that relies on

490ne other study which analyzes the consumption response to large pay fluctuations is Browning and Collado
(2001, henceforth BC). Our finding that consumption is sensitive to frequently occurring labor income fluctuations is
superficially at odds with the finding of no sensitivity in that paper; however, further inspection suggests the estimates
may be mutually consistent. BC compare the quarterly consumption of n = 341 workers who are paid in 12 monthly
installments to n = 1877 workers who are paid in 14 installments, with double installments in June and December. The
standard deviation of quarterly consumption in that survey is 29 percent, and the change in quarterly income from the
installments is about 25 percent, so the design would only detect consumption fluctuations if the elasticity is 0.13 or
greater (assuming a 95% confidence interval). The specification which most relies on predictable income variation in
this paper yields an elasticity of 0.11 for a household at the median of the liquidity buffer distribution. Thus, the design
in BC is both unable to detect the elasticity to predictable income variation that we estimate in this paper and also
unable to reject the null hypothesis of full consumption smoothing.
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covariance restrictions. We show that it is possible to get close to the “best of both worlds,” using
the covariance restrictions to extract transitory shocks, using firm pay for exogenous variation, and
using diagnostic tests of identification assumptions similar to those used in event-study literature.

We find that household consumption is highly sensitive to monthly labor income shocks. Fur-
thermore, consumption is most sensitive for households with low liquidity and almost unchanged for
households with high liquidity. Our findings bolster the assumptions of liquidity-focused models of
the consumption-savings decision and are at odds with the predictions of some behavioral models of
consumption. Finally, embedding our findings in a simple framework implies that temporary income
volatility has a substantial welfare cost.

These findings suggest at least two avenues for future research. First, although our key finding
that consumption sensitivity varies sharply with liquid assets bolsters low-liquidity interpretations of
consumption sensitivity, it would be useful to further investigate why low-liquidity households are
especially sensitive. Our evidence is consistent both with models where low liquidity arising in part
from negative income shocks causes high sensitivity, and also with models where an alternative channel
that is correlated with liquidity contributes to both low liquidity and high MPCs. Finding more
instruments for liquidity and more tags for persistent household characteristics would help distinguish
between these competing explanations.

Second, while this paper focuses on the consumption response to transitory shocks, it would
be interesting to further investigate the pass-through of permanent shocks. Many theories suggest
that consumption should be more responsive to permanent shocks than to transitory shocks. The
methodology we develop in this paper to isolate exogenous transitory shocks can be adapted to isolate

exogenous permanent shocks. We think this is an exciting avenue for future research.
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Appendix A Appendix Figures and Tables

Figure A-1: Distribution of Income and Checking Balance in Public Data vs Analysis Sample
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Notes: This figure shows the distribution of household labor income and checking account balance in the U.S. as a whole (blue),
and in our analysis sample (green). The bins are chosen to capture the quintiles of the national distribution. Thus, by construction,
the blue bars are all equal to 20 percent. In panel (a) the national income cutoffs are calculated using the CPS Annual Social and
Economic Supplement from 2018 to 2023, where income is measured for the prior calendar year (2017 to 2022). We restrict to CPS
households with positive household labor income. In the bank sample we increase measured labor income by 15% to account for
missed income in the form of paper checks and prepaid debit cards, as in Ganong and Noel (2019), and we also follow the method
from Ganong and Noel (2019) to rescale the net labor income we observe in bank data into pre-tax dollars for comparison to gross
labor income reported in the CPS. Income from both the bank sample and the CPS is inflated to 2019 dollars using the Consumer
Price Index for All Urban Consumers (CPI-U). In panel (b) the national checking account cutoffs are calculated using the 2019 and
2022 SCF, restricted to households with positive labor income. We define primary checking account balance as the sum of balances
at the institution that respondents “use the most” for checking. We focus on observations having more than $100 and less than
$100,000 in their checking account to eliminate outliers.
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Figure A-2: Liquid Assets and Checking Account Balances
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Notes: This figure shows the relationship between a household’s liquid assets and the balance in their primary checking
accounts, using data from the 2019 and 2022 SCF. We define primary checking account balance as the sum of balances
at the institution that respondents “use the most” for checking. We define liquid assets using the liquid assets variable
in the SCF Summary File, which includes balances in checking accounts, money market accounts, savings accounts, call
accounts, and prepaid cards. We focus on observations having more than $100 and less than $100,000 in their checking
account to eliminate outliers. The axes are both in log scale (base 10). The x-axis shows a dot for each vigntile of a
household’s balance in their primary checking account. The y-axis shows conditional means of liquid assets within that
vigntile of checking account balance. The figure includes a best fit line.
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Figure A-3: Binscatters
(a) First Stage
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Notes: The top two panels in this figure show the effect of changes in firm pay on labor income (panel (a)) and
nondurable consumption (panel (b)) in the JPMCI data. The x-axis shows a dot for each vingtile of the period-ahead
change in log mean pay of all other workers at the same firm. The y-axis shows conditional means of the change in
log labor income and the change in log nondurable consumption. Both panels include a best fit linear spline with a
single knot at zero. Panel (c) shows an instrumental variables interpretation of the first two panels, where the x-axis
is the change in labor income (instrumented using a linear spline with a single knot at zero of the change in pay of all
other workers at the same firm) and the y-axis is the change in nondurable consumption. The slope in panel (c) is the
elasticity of consumption with respect to income, which is comparable to 8. from equation (18). See Section 4.3 for
details.



Figure A-4: Heterogeneity in Quarterly MPCs by Liquid Assets
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Notes: This figure shows the relationship between quarterly MPCs and liquid assets. It reports both point estimates
and 95 percent confidence intervals. It compares the estimates from our research design to several estimates in the prior
literature, using a quarterly horizon for all estimates. Parker et al. (2013) groups households by terciles of liquid assets
in levels, Boehm, Fize, and Jaravel (2023) groups by quartiles of net liquid assets in levels, and Kueng (2018) groups
by quintiles of liquid asset buffer. For comparison, we report the quarterly MPC from our research design by tercile,
quartile, and quintile of liquid asset buffer.
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Figure A-5: Income Event Study Around Realizations of Different Worker Instruments
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Notes: This figure shows the dynamic response of worker income to broader definitions of the worker instrument. It is
equivalent to Figure 7, except that it uses worker income instead of coworker income for each version of the instrument.
The top-left panel presents the response to total worker monthly pay. This corresponds to the specification in column
(5) of Table A-14. The top-right panel refines the instrument by dividing total monthly pay by the number of checks
received, corresponding to column (4) of Table A-14. The bottom-left panel further adjusts the instrument and the
endogenous regressor for predictable annual seasonality, corresponding to column (3) of Table A-14. Finally, the bottom-
right panel uses seasonally adjusted pay per paycheck for one period ahead. This corresponds to columns (1) and (2) of
Table A-14. The black dashed line at time 0 marks the timing of coworker pay instrument realization and is included
to highlight the reversal of the pattern when moving to the period-ahead specification. All panels include uniform 95
percent, confidence intervals.

Table A-1: Summary Statistics for Main Analysis Sample

Panel A: Household-Level Variables Raw Data Winsorized Data
Mean Median Std. Dev.  Mean Median Std. Dev
Household Labor Income $5,281 $3,918  $10,177  $4,801  $3,918 $3,277
Nondurable Consumption $2,389  $1,740 $7,800  $2,094  $1,740 $1,521
Checking Account Balance $9,220 $2,415  $30,073  $6,548  $2,415 $9,790
Checking Buffer Ratio 11.7 1.3 1,560.7 5.1 1.3 9.0
Panel B: Job-Level Variables
Job Labor Income $4.117  $3,198 $9,142  $3,715  $3,198 $2,482
Coworker Labor Income $3,685  $3,360 $2,616  $3,524  $3,360 $1,416

Number of Households: 1,327,214
Number of Household-Employer-Months: 27,881,033

Notes: This table reports summary statistics for our main analysis sample. Panel A reports variables aggregated at
the household level. We construct the checking buffer ratio as the ratio of lagged checking account balance to lagged
nondurable consumption. Panel B reports variables aggregated at the job level. Thus, coworker labor income reflects
the average of peers within the same job for each household-employer. Although we perform our analysis using the
raw data, we also report summary statistics for winsorized data. Winsorization is applied at the 95th percentile for the
winsorized summary statistics. Winsorization makes a notable difference for the checking buffer summary statistics,
since this is a ratio and therefore summary statistics are especially sensitive to outliers.
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Table A-2: First Stage for Various Specifications

Dependent Variable: A Log Income

) (2) ®3) (4)
A Log Instrument 0.153 0.369 0.508 0.713
(0.007) (0.011) (0.007) (0.006)
Coworker Instrument Period-Ahead Pay Per Check Pay Per Check Total Pay

Pay Per Check

Seasonal Adjustment Yes Yes No No

Type of Income Variation Captured by Instrument
New Transitory Shock Y
Predictable Reversion of Transitory Shock
Permanent Shock

Predictable Recurring Annual Changes

Predictable Pay Schedule Variation

<
<
<

Notes: This table reports the first stage coefficients from equation (19) for different versions of our instrument. Column
(1) uses a one-period-ahead coworker pay per paycheck instrument, and is the first stage specification for column (1)
of Table 1. Column (2) uses a contemporaneous coworker pay per paycheck instrument. Column (3) uses a contem-
poraneous coworker pay per paycheck instrument without seasonal adjustment. Column (4) uses a contemporaneous
coworker total pay instrument, without seasonal adjustment. All specifications use data from 27,881,033 observations.
Standard errors, which are clustered two ways at the household-job level, are reported in parentheses.

Table A-3: Summary Statistics for Distribution of Shock Sizes in First Stage Regression

Statistic Coworker Instrumented Worker
Mean -0.002 0.001
Median -0.001 0.001
5th Percentile -0.209 -0.031
25th Percentile -0.041 -0.005
75th Percentile 0.037 0.007
95th Percentile 0.202 0.032
Standard Deviation 0.171 0.026
Mean (Absolute Value) 0.085 0.013
Median (Absolute Value) 0.039 0.006

Notes: This table reports summary statistics on the instrument and fitted values from the first stage regression described
in equation (19). Column (1) describes the one-period-ahead coworker pay per paycheck instrument used in column (1)
of Table A-2. Column (2) describes the fitted values from the regression in column (1) of Table A-2, the corresponding
first stage regression to column (1) in Table 1. All specifications use data from 27,881,033 observations.



Table A-4: First-Stage for Multiple Datasets

Periodicity Data Source First stage
Coef (SE)
Paycheck ~ Bank account 0.15 (0.007)
Payroll 0.17 (0.01)
Time clock 0.14 (0.005)
Monthly Bank account 0.71 (0.006)
Payroll 0.63 (0.01)
Time clock 0.80 (0.002)
Quarterly  Bank account 0.58 (0.008)
Payroll 0.90 (0.01)
Time clock 0.81 (0.004)
Tax, WA, Lachowska et al. (2022) 0.56 to 0.65 (0.01 to 0.02)
Tax, 7 states, CWBH 0.42 to 0.61  (0.01 to 0.03)

Notes: This table shows the results of the first stage regression on multiple datasets and with multiple levels of time
aggregation. The rows labeled “bank account” correspond to the JPMCI data and regress change in log worker pay on
change in log coworker pay (contemporaneous total pay for monthly and quarterly, and minus the period-ahead change
in seasonally adjusted pay per paycheck for the paycheck level). The rows labeled “payroll” correspond to data from
an anonymous payroll processor (PayrollCompany), and use the same specifications as with the JPMCI data. The
rows labeled “time clock” correspond to the Homebase data and regress change in log worker hours on change in log
coworker hours. The row labeled “CWBH” corresponds to the Continuous Wage and Benefit History data and regresses
change in log worker pay on change in log coworker pay. Standard errors are clustered by firm (and by account for the
JPMCI data). For the bank account results, the paycheck-level regression corresponds to column (1) of Table A-2. The
monthly-level regression corresponds to column (4) in Table A-2, and the quarterly-level regression estimates the same
specification on data rolled up to the quarterly level. The specification for Lachowska et al. (2022) is reported in Table
C.1 of the paper.

Table A-5: Monthly and Cumulative MPCs

Month 1  Month 2 Month 3

Monthly MPC 0.100 0.057 0.040
(0.007)  (0.007)  (0.009)

Cumulative MPC  0.100 0.159 0.200
(0.007)  (0.013)  (0.020)

Notes: This table reports the dynamic response of nondurable consumption to a transitory income shock. The first
row shows month-by-month MPCs for the month of the shock and the two subsequent months, while the second row
shows the cumulative MPC. Standard errors are clustered two ways at the household-job level. For more details, see
Appendix J.
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Table A-6: Consumption Elasticity Using Various Expenditure Categories

Dependent Variable: A Log (1) (2)
Nondurable Consumption
A Log Income 0.218 0.273
(0.015) (0.019)
(A Log Income) x Checking —0.509
(0.050)
Strict Nondurables
A Log Income 0.151 0.191
(0.011)  (0.014)
(A Log Income) x Checking —0.381
(0.040)
Non-Work Related
A Log Income 0.262 0.305
(0.020) (0.022)
(A Log Income) x Checking —0.542
(0.061)
Groceries
A Log Income 0.221 0.252
(0.016) (0.019)
(A Log Income) x Checking —0.624
(0.060)

Notes: This table reports the elasticity of consumption with respect to income separately for all nondurable spending
(as in our baseline specification in Table 1, columns (1) and (2)), for the subset of strict nondurables spending, for
non-work-related nondurable spending, and spending on groceries. We define a spending category as work-related if it
exhibits a larger-than-median drop at retirement (Aguiar and Hurst 2013). We define retirement as the first receipt of
a Social Security check, as in Ganong and Noel (2019). The disaggregated analysis is run on a slightly different sample
than the main analysis, which explains the differences in nondurable estimates to Table 1. All specifications use data
from 27,860,495 household-employer-months. Standard errors, which are clustered two ways at the household-job level,
are reported in parentheses.

Table A-7: Quarterly MPX and MPC Estimates Using Method of Laibson, Maxted, and Moll (2022)

Estimate

Estimated Nondurable MPX 0.20
(0.02)
Implied Total MPX 0.72
(0.07)
Implied Notional MPC 0.23
(0.02)

Notes: This table uses the method developed in Laibson, Maxted, and Moll (2022) to translate between various MPX
and MPC estimates. The first row is the one-quarter nondurables MPX that we estimate in this paper (from Table A-5).
The second row maps this nondurables MPX into a total spending MPX by multiplying our estimate by the Laibson,
Maxted, and Moll (2022) adjustment factor of 3.6. The third row maps our nondurables MPX into the model-consistent,
or “notional,” MPC by multiplying our estimate by the Laibson, Maxted, and Moll (2022) adjustment factor of 1.14.
Both adjustment factors are described in more detail on page three of Laibson, Maxted, and Moll (2022). Standard
errors are reported in parentheses.
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Table A-8: Impact of Income on Consumption - With Time-by-Location Fixed Effects

Dependent Variable: A Log Non-Durable Consumption
1) 2) ®3) (4) (5) (6)

A Log Income 0.221 0.274 0.218 0.267 0.211 0.260
(0.015) (0.018) (0.014) (0.006) (0.014) (0.017)

(A Log Income) x Checking —0.475 -0.475 —0.475
(0.047) (0.021) (0.046)

Period-Ahead Period-Ahead Period-Ahead Period-Ahead  Period-Ahead Period-Ahead

Coworker Instrument Pay Per Check Pay Per Check Pay Per Check Pay Per Check Pay Per Check Pay Per Check

Seasonal Adjustment Yes Yes Yes Yes Yes Yes
Fixed Effects None None State-by-year  State-by-year State-by-quarter State-by-quarter
FEs Interacted with Assets No No No Yes No No

Notes: This table shows estimates of the elasticity of consumption with respect to income (B) as in Table 1, but with
additional time-location fixed effects. To accommodate computational constraints from a large number of fixed effects,
we include the 10 largest states in our sample individually and combine observations from all other states into an 11th
location category. This 11th location category contains 17% of observations. Columns (1) and (2) are the same as
in Table 1. Columns (3) and (4) include state-by-year fixed effects, which are interacted with checking asset rank in
column (4). Columns (5) and (6) include state-by-quarter fixed effects. Due to computational constraints, we are not
able to interact the more granular state-by-quarter fixed effects with the assets control in column (6), and we are not
able to report cluster-robust standard errors for column (4). Standard errors for all other columns are clustered two
ways at the firm and household level.

Table A-9: Impact of Income on Consumption - Asset Level Control

Dependent Variable: A Log Non-Durable Consumption

(1) ) ®3) (4) (5)
A Log Income 0.221 0.289 0.193 0.205 0.116
(0.015) (0.022) (0.010) (0.009) (0.003)
(A Log Income) x Checking level —0.526 —0.343 —0.367 —0.150
(0.059) (0.026) (0.023) (0.006)

Period-Ahead Period-Ahead
Pay Per Check Pay Per Check

Seasonal Adjustment Yes Yes Yes No No

Coworker Instrument Pay Per Check Pay Per Check Total Pay

Type of Income Variation Captured by Instrument

New Transitory Shock Y Y Y
Predictable Reversion of Transitory Shock Y
Permanent Shock Y
Predictable Recurring Annual Changes

Predictable Pay Schedule Variation

MR
L

Notes: This table shows estimates of the elasticity of consumption with respect to income (/3’) as in Table 1. The
difference is that, instead of interacting income changes with asset buffer, we interact it with the level of average
checking account balance in the last 6 months. As in Table 1, asset variables are parameterized as AssetRank/(N — 0.5),
so the variable is scaled from —0.5 for the lowest checking balance household to 0.5 for the highest checking balance
household. All specifications use data from 27,881,033 worker-months. Standard errors, which are clustered two ways
at the household-job level, are reported in parentheses.
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Table A-10: MPC by Asset Buffer Quartile and Average MPC

Quartile 1 Quartile 2 Quartile 3  Quartile 4 All

MPC 0.339 0.173 0.079 0.029 0.100
(0.027) (0.013) (0.007) (0.004) (0.007)

Inputs

Elasticity 0.482 0.317 0.183 0.105 0.221
(0.038) (0.025) (0.015) (0.014)  (0.015)

Mean Nondurable Consumption $2,633 $2,579 $2,434 $1,911 $2,389

Mean Labor Income $3,750 $4,724 $5,612 $7,037 $5,281

Liquid Asset Statistics

Median Checking Account Balance $485 $1,536 $3,739 $13,353 $2,415

Median Checking Account Buffer 0.28 0.82 2.21 12.13 1.31

Notes: This table reports MPCs separately by quartile of liquid asset buffer in columns (1) to (4), and the average
MPC for all households in column (5). MPCs are calculated by estimating the elasticity separately for each group,
and then scaling this estimate by the ratio of average nondurable consumption to average income in each bin. The
table also reports the elasticity and the scaling factors for each group, as well as the median level of checking account
balances and buffers for each group. One notable feature of this table is that high buffer households have lower average
consumption than low buffer households. This pattern arises because we construct our asset buffer measure as the ratio
of lagged assets to lagged nondurable consumption. Thus, on average high buffer households have relatively higher
levels of checking account assets and relatively lower levels of consumption. Our MPC estimates are nearly identical if
we group by asset level rather than asset buffer (see Table A-11), so this pattern does not drive our results. Another
notable feature is that the average MPC does not equal the average of the MPCs for the four quartiles. This is because
IV estimates are not generally a sample-weighted average of subsample coefficients. Rather, they are a weighted average
of each subsample IV plus an additional IV estimated using the subsample means. The weights on the subsample
IV estimates are increasing in the within-group variance of the instrument and strength of the subsample first-stage
(Stephens and Unayama 2019). Each quartile contains 6,985,699 worker-months. Standard errors, which are clustered
two ways at the household-job level, are reported in parentheses.

Table A-11: MPC by Asset Level Quartile

Quartile 1  Quartile 2 Quartile 3 Quartile 4 All

MPC 0.335 0.177 0.086 0.035 0.100
(0.034) (0.015)  (0.007) (0.004)  (0.007)

Inputs

Elasticity 0.520 0.328 0.196 0.101 0.221
(0.053)  (0.028)  (0.016)  (0.012)  (0.015)

Mean Nondurable Consumption $1,873 $2,286 $2,507 $2,890 $2,389

Mean Labor Income $2,911 $4,251 $5,715 $8,246 $5,281

Liquid Asset Statistics

Median Checking Account Balance $404 $1,471 $3,802 $15,340 $2,415

Median Checking Account Buffer 0.30 0.82 2.00 9.58 1.31

Notes: This figure repeats Table A-10 but groups households by the level of average checking account balance in the
last six months rather than by their liquid asset buffer. Each quartile contains 6,985,699 worker-months. Standard
errors, which are clustered two ways at the household-job level, are reported in parentheses.
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Table A-12: MPC by Asset Buffer Decile

Decile 1  Decile 2 Decile 3 Decile 4 Decile 5 Decile 6 Decile 7 Decile 8 Decile 9 Decile 10
MPC 0.408 0.308 0.257 0.186 0.142 0.112 0.065 0.053 0.033 0.019
(0.041)  (0.029)  (0.021)  (0.017)  (0.013)  (0.011)  (0.008)  (0.007)  (0.006) (0.004)
Inputs
Elasticity 0.519 0.459 0.423 0.333 0.277 0.237 0.153 0.144 0.107 0.092
(0.052)  (0.043) (0.035)  (0.030) (0.025) (0.024)  (0.019) (0.019)  (0.019)  (0.018)
Mean Nondurable Consumption $2,670 $2,610 $2,599 $2,591 $2,560 $2,517 $2,417 $2,262 $2,033 $1,635
Mean Labor Income $3,395 $3,891 $4,271 $4,640 $4,989 $5,334 $5,698 $6,114 $6,680 $7,795
Liquid Asset Statistics
Median Checking Account Balance $260 $600 $956 $1,405 $1,994 $2,813 $4,104 $6,442  $11,164  $25,566
Median Checking Account Buffer 0.15 0.32 0.51 0.74 1.08 1.59 2.49 4.38 9.47 35.80

Notes: This table reports MPCs separately by decile of liquid asset buffer. MPCs are calculated by estimating the elas-
ticity separately for each liquid asset bin, and then scaling this estimate by the ratio of average nondurable consumption
to average income in each bin. The table also reports the elasticity and the scaling factors for each group, as well as
the median level of checking account balances and buffers for each group. One notable feature of this table is that high
buffer households have lower average consumption than low buffer households. This pattern arises because we construct
our asset buffer measure as the ratio of lagged assets to lagged nondurable consumption. Thus, on average high buffer
households have relatively higher levels of checking account assets and relatively lower levels of consumption. Each
decile contains 2,796,378 worker-months. Standard errors, which are clustered two ways at the household-job level, are

reported in parentheses.
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Table A-13: Monthly and Quarterly MPCs by Asset Buffer Quantiles

Monthly  Quarterly

Tercile 1 0.300 0.540

(0.023) (0.059)

Tercile 2 0.120 0.248

(0.009) (0.029)

Tercile 3 0.034 0.068

(0.004) (0.014)

Quartile 1 0.339 0.607
(0.027) (0.072)

Quartile 2 0.173 0.344
(0.013) (0.039)

Quartile 3 0.079 0.174
(0.007) (0.024)

Quartile 4 0.029 0.052
(0.004) (0.014)

Quintile 1 0.353 0.586
(0.030) (0.082)

Quintile 2 0.218 0.411
(0.017) (0.048)

Quintile 3 0.126 0.285
(0.010) (0.033)

Quintile 4 0.059 0.153
(0.006) (0.023)

Quintile 5 0.025 0.032
(0.004) (0.014)

Decile 1 0.408 0.670

(0.041)  (0.120)

Decile 2 0.308 0.516

(0.029) (0.087)

Decile 3 0.257 0.482

(0.021) (0.064)

Decile 4 0.186 0.352

(0.017) (0.056)

Decile 5 0.142 0.336

(0.013) (0.045)

Decile 6 0.112 0.240

(0.011)  (0.040)

Decile 7 0.065 0.139

(0.008) (0.033)

Decile 8 0.053 0.162

(0.007) (0.028)

Decile 9 0.033 0.045

(0.006) (0.023)

Decile 10 0.019 0.023

(0.004)  (0.015)

Notes: This table reports MPCs separately by quantiles of liquid asset buffer. MPCs are calculated by estimating
the elasticity separately for each liquid asset bin, and then scaling this estimate by the ratio of average nondurable
consumption to average income in each bin. We estimate the MPCs by terciles, quartiles, quintiles and deciles of liquid
asset buffer. The monthly estimates are obtained using the specification from equation (18), whereas the quarterly
estimates are the three-month cumulative estimates obtained using the method in Appendix J. Standard errors, which
are clustered two ways at the household-job level, are reported in parentheses.
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Table A-14: Impact of Income on Consumption Using Worker Rather than Coworker Instrument

Dependent Variable: A Log Non-Durable Consumption

@) 2 () (4) ©) (6)

A Log Income 0.155 0.169 0.114 0.126 0.112 0.120
(0.004) (0.004) (0.002) (0.002) (0.001) (0.001)
(A Log Income) x Checking —0.273 —0.244 —0.271 —0.232 —0.237
(0.010) (0.005) (0.006) (0.004) (0.004)
Period-Ahead Period-Ahead OLS: Worker all
Worker Instrument Pay Per Check Pay Per Check Pay Per Check Pay Per Check Total Pay Labor Income
Seasonal Adjustment Yes Yes Yes No No No
Type of Income Variation Captured by Instrument
New Transitory Shock Y Y Y Y Y Y
Predictable Reversion of Transitory Shock Y Y Y Y
Permanent Shock Y Y Y Y
Predictable Recurring Annual Changes Y Y Y
Y Y

Predictable Pay Schedule Variation

Notes: This table reports estimates of the elasticity of consumption with respect to income (35) It is similar to Table
1 except these specifications use a worker’s own job-level income change, rather than their coworkers’ average income
changes, as an instrument for changes in household labor income. Columns (1) and (2) show IV estimates of the effect
of income on consumption using worker period-ahead pay per paycheck as an instrument for income changes. Column
(2) controls for checking account buffer. The checking buffer variable is parameterized as BufferRank/N - 0.5, so that
the variable is scaled from —0.5 for the lowest asset buffer household to 0.5 for the highest asset buffer household.
Column (3) shows IV estimates using a contemporaneous worker pay per paycheck instrument, rather than a period
ahead one. Column (4) shows IV estimates using a contemporaneous worker pay per paycheck instrument without
seasonal adjustment. Column (5) shows IV estimates using a contemporaneous worker total pay instrument without
seasonal adjustment. Column (6) shows an OLS version of column (5). While column (5) uses a worker’s change in
total pay from one job as an instrument for that household’s total labor income change in a given month, column
(6) simply regresses a household’s total labor income change on a household’s change in consumption (without any
instrument). All specifications use data from 27,881,033 observations. Standard errors, which are clustered two ways
at the household-job level, are reported in parentheses.

Appendix B Generalizing the Income Process

Until this point, we have assumed a standard income process with a completely transitory shock, and
a completely permanent one, i.e. a unit root shock. In addition, we have abstracted from nearly
all predictable components of income and consumption growth. These are typically addressed prior
to analysis by a detrending process—consumption and income are regressed on a set of age or time
controls, and the resulting residuals are used. In our setting, however, the income process may feature
more complicated serial correlation structures that have to be addressed. This is particularly an issue
in our context of monthly time aggregation, where some forms of seasonality that occur at sub-annual
frequencies have not been of concern to studies that use annual data.

We discuss here the key deviations for the income process in our sample and choice of frequency

and adjustments to the data that allow us to retain our empirical results.

B.1 Firm-Specific Annual Seasonality

We find evidence in our data of a serial correlation between income growth in month ¢ and income
growth in month ¢t — 12. Moreover, the correlation remains if we instead use average coworker income
growth in period t and relate it to own-income growth in period ¢ — 12. We can see this, for example,
in Figure 7, in the top two panels. The instrument is correlated with a spike in income in period 0,
and there are similar deviations at event times -12 and 12. This is a violation of our Prediction E2.

We note that these correlations are not simply secular trends for specific calendar months—that is,
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it is not the case that pay is simply higher in December for all firms. If we control for a set of calendar
month fixed effects, these patterns persist. This means there is serial correlation at a 12-month lag
that is firm-specific. This could happen, for example, if different firms have a particular month where
operations shut down, or when bonuses are paid.

Our solution is to apply a seasonal adjustment to all of our data before implementing our IV
estimator. We use information from income growth 12 months prior to create a linear prediction of
current income growth, 7sAy; ;_12. The residual variation is therefore not well-explained by lagged
income growth. Formally, we choose the seasonal adjustment factor, 75, to minimize the residual

correlation between our instrument and growth 12 months ago:

Ts = argmin
T

o o 2
cov(Ay;i-12, _ij(—i,t),t+1)
Var(_ij(—i,t),t+l)
where (B.1)
Ayir = Dyis — TAYi1—12
Ayj i i1 = DYj—i)ir1 — TAYj(—ig)—11

In other words, 75 is chosen to minimize the reduced-form coefficient from a regression of adjusted
income growth in period t — 12 on an adjusted instrument, i.e. adjusted coworker income growth in

period t + 1, with its sign inverted.
We can see, in Figure 7, as we move from the top panels to the bottom panels, that this seasonal
adjustment effectively removes the correlation between the instrument and normalized income growth

at event times -12 and 12.

B.2 Spurious Correlation in Pay Frequency

At the monthly frequency, a particular type of correlation arises due to the discrete nature of pay
periods. For workers who receive pay every two weeks (which is the modal pay frequency in the
U.S.), for example, some months feature two pay days, and others will feature three. However, this
variation in monthly pay is relatively predictable. To the extent that household consumption is not
responsive to this predictable change, our estimates of consumption sensitivity may be biased toward
zero. It is as if we have measurement error in the monthly variation. Our coworker instrument
does not address this issue, since such cycles generate mechanical correlation in monthly pay growth
between coworkers, which will be captured in our first-stage regressions. Finally, if there is any type
of consumption, especially more durable consumption, that happens mechanically on pay-day, our
estimate of consumption sensitivity will pick up this correlation, potentially overstating households’
sensitivity.

We can model this directly within our income process. In what follows, we assume that all
coworkers at the same firm have the same pay frequency. Let Y;; be monthly income in levels and
Mj(i,t),t the number of paychecks received for household ¢, who works at firm j in month ¢. Define

monthly pay per paycheck as:

Yi=—"— (B.2)



We next take logs and decompose the income process:

yit = log Yy
=logY}} + log M4
. (B.3)
= Yir T M)t

= Zit + e + Ef(i,t),t T M)
where Mj(it),¢ 1 the log of the number of paychecks. Since our previous shocks were proportional to

total monthly pay, we model them now as shocks to monthly pay per paycheck. We also extend the

consumption function to include a potential response to the number of paychecks received in a month:

Aciy = By (nl’ft + njf(,-yt),t) + Be (5% + E;-c(i’t)’t) + Bmmie),e T Git (B.4)
We can show, in this case, that our estimator will suffer from bias, driven by the variation in

number of pay checks from month to month:

Result FREQ (Pay Frequency Bias)
If Assumptions IID2 and CE2 hold, and there is variation in the number of payments in each
period, the estimate of B from Result ID is biased:

cov (Acit’ Ayﬂ(z’t)’t_’—l; =7mfe + (1 - W)Bm

Be,HM—BPP—Co =
cov (Aym =AY i)t

where:

2
st

7'[':7
2 2
Jf5+am

and o2, is the variance of log of the number of pay checks in a month.
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Proof. First, note that the coworker instrument can be simplified as follows:

1
—ij(_i,t),t-&-l =-—-Aln N Z Y
‘](77,7t)7t+1 i/lj(’i/,t-'rl):j(i:t)?i/#i

1
= —Al _— yi/7t+1
! Njig) 41 0 Z . .e
IR (i 1) =5 (i,t) 1 #i

= —In ; E eYil t+1
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IO (i 1) = (5.0) i
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! I
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where the function g(-) is shorthand for the final two terms and is a function of a combination of
shocks that are independent of (Ay; ¢, Aci ).

Next, we can directly calculate the numerator and denominator of our main expression:
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cov(Acit, =Dyj(—; 1) 441) = cOv (577 (7723 + ﬂ;(i7t)7t> + Be (55 + Ej-c(i,t),t) + Bmmyii e + Gits
f f
TG 41 T A’Sj(i,t),tﬂ - Amj(i,t),t+1 + gj(fz',t-l-l),t-i-l)

cov (57; (77% + n{(i,t),t) +Be (E;Lt) + E;(z‘,t),t) + B0 + Gty

f f f
—nj(i,t),m - Ej(,-,t)ﬂl + 5j(,-,t),t = M(6,t) k41 + M5 (i,t) t + gj(—i,t+1),t+1)

= 550]2?5 + ﬂm(f?n

cov(AyYit, —DYj(—i4)e41) = cOV (7711‘1,)15 + n;(iyt)ﬂf + Aegy + Aﬁ‘?;-c( ne T Amy; 1) 15

i7

f f
i) e+1 Aﬁj(iyt)ytﬂ - Amj(i,t),t+1 + 9j(4,t+1),t+1)

w f w w f !
= cov (ni,t F i T80 T i1 T E 0 T Ejli—1) -1 T (0. T (), 0-1

f !

f
i) +1 T i) T Eje, T M) e+l TG, T gj(*i7t+l)vt+1)

_ 2 2
_Uf5+gm

Taking the ratio of the two covariances yields our result.
O

There is bias from two sources. First, through the parameter 3,,, if consumption also changes due
to the number of paychecks in a month, above and beyond the growth in monthly pay, this will be
captured in our estimator. This pattern, we should note, does not follow from a standard model,
but there is some evidence of modest excess consumption on the day one gets paid (Olafsson and
Pagel 2018). Second, even if the parameter [, were zero, there is attenuation bias of 8. captured
by © = 0']%5 / (0']%6 +02,), where o2, is the variance of the log of number of paychecks in a month.
Intuitively, part of the variation in log pay is due to predictable changes in the number of pay checks,
overstating the variation in unpredictable and transitory shocks to pay and leading to downward bias
in the regression coeflicient.

A straightforward solution is available for this issue. We can instead use as an instrument the

average pay per paycheck of coworkers:

1
P _ P
DY iy = A N, Z Y

GO 411 1) = (3,0)

(B.5)

With this instrument, we will again identify our parameter of interest:

Result PER (Identification via Pay Per Paycheck)
If Assumptions IID2 and CE2 hold, and there is variation in the number of payments in each

period, Be is identified if coworker pay per paycheck, Ay;?( is used as an instrument:

—it+),t+1’

A ot
A _ o (AC”’ *Ayﬁ')(—i,t),m) cov (Aczt’gju,t),t) Beof.
e, PPP = = =

2
cov (AW’ ‘Ay§<—i,t>7t+1> var (Ef@,t),t) 71

=B

Proof. Note that the new coworker instrument, under our assumptions, can be simplified as follows:
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where the function g(-) is shorthand for the final two terms and is a function of a combination of
shocks that are independent of (Ay; ¢, Aciy).

We can then show our result directly by simplifying the numerator and denominator:
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i7

f f
i) e Agj(i,t),t—&-l + gj(fiyt)ytJrl)

s s

_ w w w f
= cov (ni,t T Wi T8 T Cit1 T € T Ejia—1)—1 T A gy 1

J

f f !
i1~ i T i T 9J‘<*i¢)¢+1)
2
The result then follows by taking the ratio of the two covariances. O

B.3 Less-Than-Full Persistence in the Permanent Shock

We have assumed thus far that permanent shocks were completely permanent, i.e. they follow a unit
root process. It is possible that they may instead have high, but not complete, persistence. We show
in this section that our estimate of (3 is largely robust to this more general income process. Suppose

that the permanent component instead follows an autoregressive, AR(1), process as follows:

Zig = pzit—1 + Mit, (B.6)

with p < 1. In this case, the first difference of log income in period ¢t will now also be a function
of z;;—1, confounding our above results. However, as shown in Kaplan and Violante (2010), there
is negligible bias from assuming a unit root permanent component when estimating responses to
transitory shocks, when the permanent component of income is instead only highly persistent.
Nevertheless, if we wish to directly account for this feature of the income process and we have an
estimate of the parameter p, Kaplan and Violante (2010) shows that we can use a quasi-difference in
log income that will restore the properties of the income process that we have leveraged above. Define

the quasi-difference in log income as:

Ayit = yit — pyiz—1 (B.7)
Using this quasi-difference, we can still recover the parameter f.:

Result AR (Identification with Persistent Shocks)
If Assumptions IID2 and CEZ2 hold, and the permanent component of income follows equation
(B.6), B is identified using a one-period lead, quasi-differenced coworker income instrument for the

quasi-difference of endogenous log income, as in equation (B.7):
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cov (Acm _ij(—i,t),tJrl) _peov (Acz’tﬁ;(i,t),t) - Pﬂsgjzcg

ﬂ‘?:p N N - f 0'2
cov (Ayita _ij(—i,t),t+1> pvar (gj(i,t),t) PIse

= e

Proof. First, note that in the presence of a persistent shock, as in equation (B.6), the coworker

instrument can be simplified as follows:

N

*Ay]( ) t+1 = Yir 41

i 1) =5 (i,t) 8 #i

— ( Z eYil t+1

N
PR (i 1) =5 (0,0) 7

N
t 1 .
J(= + i[5

=—-In| —— E eYil t+1
N

T 1) 1) = (i)

+pln _ > Vil t
DL i )=j00). 4

f f f
- _In ; E enj(i’,t+1),t+1+pnj(i’,t+1),t+€ ( t4+1),t+1 o p’ 2y g1t il 'H’ﬂ e ey L

N., .
T )i 1) = (i)

f f o w
+pln ! i 027 e PP =1 T
j(—i,6),t 315 (3! 8) =7 (i,t) i i
f f f 9
— _In 6’7j(¢,t),t+1+P77j(i,t)7t+5j(i,t>’t+1 ; Z ep Z,L-lyt_l-'rp’l] v +nz, t+1+az .
N.. .
j(—i,t),t+1 i15(8 44 1) =75 (i,t) 5 #i
f f w w
+ pln enj(ivt)’t+6j(i,t),t N; epzi’,t71+ni/1t+5i/7t
j(*’i,t)yt i/‘j(i/,t):j(i,t),’i,#’i
_ o _f f f
= i1~ PG~ Siaee T PTG T PG
1 2z +pn¥ 4 e
—In|— Z P A R TS R e
N., .
TR i 1) it)
1 Pz y 1ty ey
+pln | —— Z e Tt T e Tt
N,

T 10 4= (i,t) 7 A

f A~
i) e+ Asj(i,t),tJrl T 9j(—it+1)04+1

where the function g¢(-) is shorthand for the final two terms and is a function of a combination of
shocks that are independent of (Aym, Aciy).

We can then show our result directly by simplifying the numerator and denominator:
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cov (Acitv _ij(—i,t),t-‘rl) = cov (Bﬁ (77;1{ =+ n‘yf(ii)’t) + ﬁs? (5;12 + Ef(i,t),t) + Citv

f A~S
i) 1 T Aej(i,t),t—&-l + gj(*i,t)1t+1)
cov (By(n + ;) + Bl 42l ) + G

f f f
i1 T i TP G0 i (—i,t%t“)

= pﬂso'?fg
cov (Ayit, *ij(—z‘,t),tﬂ) = cov (n}’jt + n;(i,t),t + Asé‘ft + Ae:;.c(i7t)7t,
! AsS
i) a1 Agj(i,t),t—&-l + gj(fi,t),tJrl)

_ w f w w f f
= cov (ni,t T Wiy T €t~ P11 T 50~ PEiGie—1) -1

f f f
i+ " i T PG T 9 (fiyt%tﬂ)

= po"?-s

The result then follows by taking the ratio of the two covariances.
O

In order to implement this version of our estimator, we need an estimate of p. We can directly

estimate this parameter in our sample by noting that, under equation (B.6), we have the following:

- COV(%,tH,ymfl—k)

COV(yz',u yi,t—l—k)
~cov(Zigr1 ittt Zig—1—k T Eit—1-k)
N cov(ziy + €ty Zig—1—k + Eit—1—k)

COV(P2+k2i,t—1—k + Zii’& P Nit41—s + Eitb1s Zig—1—k + Eit—1—k) (B.8)
cov(pt Rz gy + Zf:o P Mit—s + €its Zig—1—k + Eit—1—k)

()

B PlJrkvar(Zi,tflfk)

=p

We estimate this parameter for £k = 0, separately for seasonally adjusted, log-worker total income
(p* = 0.898) and for seasonally adjusted coworker pay per paycheck (p“>PPP = (0.954).

As suggested by equation (B.8), the model implies that we should get similar results for different
lags, i.e. values of k. However, when varying k between zero and three, our estimates range between
0.898 and 0.959 for worker total pay and 0.954 and 0.968 for coworker, pay per paycheck. For this
reason, we also take an alternative approach of drawing on an external value, following Commault
(2022), which uses an annual value of 0.95. We adjust to our monthly context by setting a monthly
value of 0.95'/12 = 0.996.

Table B-1 compares three estimates. In the first column, we repeat our main elasticity estimate
from column (1) of Table 1. Columns 2 and 3 present our estimate, after accounting for a highly

persistent, but not fully permanent, shocks to income. Consistent with Kaplan and Violante (2010),
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our estimate of the elasticity is largely robust to adjustments for a less-than-fully permanent income
shock.

Table B-1: Impact of Income on Consumption

) (2) ®3)
A Log Income 0.221 0.198 0.196
(0.015) (0.013) (0.012)
Coworker Instrument Period-Ahead Period-Ahead Period-Ahead
W Pay Per Paycheck Pay Per Paycheck Pay Per Paycheck
Seasonal Adjustment Yes Yes Yes
Differencing (A) First difference Quasi-difference Quasi-difference
Permanent Income Process
Unit Root AR(1) AR(1)
p=1 Worker: p = 0.898 (Estimated) p = 0.996 (Commault 2022)

Co-Worker: p = 0.954 (Estimated)

Notes: This table reports estimates of the elasticity of consumption with respect to income (). Column (1) repeats the
estimate from Table 1, Column (1). Columns (2) and (3) account for less-than-fully persistent shocks to income. All
columns use a one-period-ahead coworker instrument and are adjusted for annual seasonality, as in Table 1. Standard
errors, which are clustered two ways at the household-job level, are reported in parentheses.

B.4 Serial Correlation in the Transitory Shock

Another possibility is that log income is a function of not only the current period’s transitory shock,
but also additional, recent, transitory shocks. For example, if our transitory component has an MA(q)

structure, we will have:

q
yit = Zit + »_ Okeigk (B.9)
k=0

As explained in Commault (2022), HM-BPP style estimators may suffer from bias if they make use of
instruments at leads shorter than ¢ + 1 periods ahead. In our main specifications, we assume that the
transitory shock follows an MA(0) process. To assess the plausibility of that assumption, we calculate
the sample covariance of current income growth of worker total monthly pay, Ay;;, and leads of the
coworker, pay per paycheck growth. In column (1) of Table B-2, we plot these covariances at different
horizons ranging from the concurrent growth in coworker pay per paycheck to the four-periods-ahead
lead. Under an MA(0) process, we would expect covariances to be present up until the one-period-
ahead lead, and then to equal zero thereafter. Our covariances do not technically reach zero, but they
become an order of magnitude smaller beyond the one-period-ahead lead, giving us reassurance in our
baseline approach. Because these covariances could also be affected by permanent shocks that are not
unit root, we adjust for an AR(1) process, as detailed in Appendix B.3, using a quasi-difference in log
income, either with an AR(1) parameter estimated in our data, or based on Commault (2022). The

pattern, qualitatively consistent with an MA(0) process, continues to hold.
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Table B-2: Covariance between Ay; ; and Leads of the Instrument

k cov(Dyig, _ij(—i,t),t+k) COV(Ayi,t, —ij(—i,t),tJrk) COV(Ayi,ta _ij(—i,t),t+k:)

0 -0.01118 -0.01109 -0.01182

1 0.00472 0.00531 0.00560

2 0.00007 0.00007 0.00014

3 -0.00003 -0.00015 -0.00010

4 0.00020 0.00006 0.00013
Permanent Income Process

Unit Root AR(1) AR(1)
p=1 Worker: p = 0.898 (Estimated) p = 0.996 (Commault 2022)

Co-Worker: p = 0.954(Estimated)

Notes: This table reports estimates of the covariance between Ay; ;, growth in worker total monthly pay, and various
leads of our coworker instrument, —Ay;(_; 1) 1+, including the concurrent instrument. Column (1) uses a first-difference,
while Columns (2) and (3) use quasi-differences, based on adjustments for deviations from a unit root permanent shock
process, as detailed in Appendix B.3. All columns are adjusted for annual seasonality, as in Table 1.

Appendix C Proofs

Result RCT (Simple RCT)
Under random assignment of a shock to log income in period t*, we are able to identify Be using

the following ratio:

E (cig+ |Df = 1) — B (cip |D = 0)
E (417 [D; = 1) B (47 | D5 = 0)

:Bs

Be,reT =

where yﬁCT is log income, inclusive of the treatment payment.

Proof. We assume that the transfer in period t* is treated as a transitory shock , i.e:
Aciy = Bynit + Be(eit + Dipel(t = t°)) + Gt
Note that we can write the log of consumption in period t*, as:

Citr = Cipx—1 + Acip

= ¢ipx—1 + Bynite + Be(€irr + D§ pe) + Cigr
It follows that

E (cit= |Df = d) =E (cipx—1 + Byniex + Pecire + G |D§ = d) + BE (D5 |Df = d) pie
=E (cipr—1 + Byniex + Becire + Cier ) + Bedpie

where the second line follows from the independence between the treatment indicator (D) and the

initial log of consumption and all shocks, by virtue of randomization. We also have, for the log of
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income, inclusive of the experimental transfer:

E (yfiC7 D = d) = E (2= + 2 + Dipc |Df = d)

= E (zit~ + &it~) + dpe

where the second line again follows from the randomization of D. It then follows that:

E (i |[Df = 1) =B (ci= |Df = 0)
E (47 [D; = 1) —E (47 [Ds = 0)

_E (Cijpr—1 + Byt + Beirs + Gitx ) + Bepre — E (i px—1 4 Bymie + Begirr + Citr)
E (zig> + €itx ) + pe — E (2zigx + €40%)

Be,RCT =

_ Belte
e

= B

Result HM-BPP (Identification of 3.)
If Assumptions IID and CE hold, the ratio of the covariance between consumption growth and
the (negative) one-period income growth lead, and the covariance between income growth and the

(negative) one-period income growth lead is equal to B (Blundell, Pistaferri, and Preston 2008; Hall
and Mishkin 1982):

, _ cov (Acit, =Ayigr1) _ cov (Acip,eir)  Beo?
Be,HM-BPP = = =—5 =0
cov (Ayit, —Ayit+1) var (eit) o:

Proof. We can show this directly by solving for the numerator and denominator:

cov (Acit, —Ayi 1) = cov (Bynit + Begit + Cits —Nit+1 — i1 + €it)

= 5603
cov (Ayst, —Ays 1) = cov (Nig + €it — Eie—1, —Nijt+1 — Eit+1 + Eit)
The result then follows by taking the ratio of the two. O

Lemma CEI (Conditional Expectation Inequality)
If X andY are independent random variables, with strictly positive variances, and Pr(X >Y) €
(0,1), then:

E(X|X>Y)>E(X)>EX|X<Y)
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Proof. Note that:

E(X1(X >Y))

EXIX>Y)= Pr(X >Y)

_EXEQX>Y)[X))

N Pr(X >Y)

_EXR (X))

- Pr(X>Y)

_E()E(F (X)) | cov (X, Fy (X))
Pr(X >Y) Pr(X >Y)

CE(X)Pr(X>Y)  cov(X,Fy (X))
Pr(X >Y) Pr(X >Y)

-0+ S

> E (X)

where Fy, (a) = Pr (Y < a), the third line follows from the independence of X and Y, the fourth line
follows from the fact that cov(X,Y) = E(XY) —E(X)E(Y), and the last line uses the fact that since
Fy is an increasing function, then the covariance term is positive, and furthermore, the covariance

will be strictly positive if the variance of X is strictly positive. We can likewise show that:

cov (X,1— Fy (X))
Pr(X <Y)

E(X|X<Y)=E(X)+ <E(X)
The proof concludes by combining these results. Note, if Pr(X > Y) = 0, then the first conditional
expectation is not well-defined and second inequality becomes weak, and if Pr(X > Y) = 1, the first

inequality becomes weak and the second conditional expectation is not well-defined. O

Testable Prediction 1 (First Stage: Positive Income Difference at ¢*)
If Assumption IID holds, the average difference in (normalized) log income between the treated
and control group in period t* is equal to the average difference in the transitory shock in period t*,

and is positive:

E (i

Diy+ =1) —E (§i

Di,t* = 0) =E (Ei,t*

Di,t* = 1) —-E (5i,t*

Dip==0)>0

Proof. To show the first part of the result, note that we can write normalized log income in period t*

as:

Tit* = Yitr — Yit*+r

= Zjtx + Ejtx — Zigxtr — Eitr4r
t*
= E Ni,s T Eitx — Eitx+r
s=t*+r+1
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Taking expectations conditional on D; 4+ = 1 we have:

t*

Dip+=1)=E ( Z Niys + Eitr — Eiprtr | Digr = 1)

s=t*+r+1

E (it~

Dy =1)

t*

=E < > mis— Ei,t*—i—r) +E (it
s=t*+r+1

where the last line follows from Assumption IID and the fact that » < 0. Intuitively, the lagged

values of the shocks are independent of the shocks involved in the definition of Dj+, —Ay; 441 =

—Mit*+1 — €4+ +1 + €i¢+. Likewise, we have:

+*

Diy»=0)=E ( Z Miys — Ei,t*+r> + E (it

s=t*+r+1

E (it~

Djy =0)

Substituting for E (it [Dj+ = 1) and E (fi= |Djg= = 0), the first part of the result then follows.
We next rely on Lemma CEI, defining X = g+ and Y = M_ay + n; 41 + €i,¢++1. Note that by

Assumption IID, these are independent variables, and thus:

E (5i,t*

Di,t* = 1) —-E (ELt*

Dip =0) = E (gi4+ |eitr > M_py + Nigr 41+ e 41)
—E (Ei,t*

Eitr < M_py+ Nipe+1 + €ipey1)
>0

where the last inequality is strict when the shocks have strictly positive variances and that by the
definition of the median, Pr(D;+ = 1) = Pr(—Ay; 11 > M_a,) € (0,1). O

Testable Prediction 2 (Parallel Pre-event Income Trends)
If Assumption IID holds, the average difference in (normalized) log income between the treated

and control group during periods before t* is zero, i.e. there are parallel trends:
E (7i4*+k |Dig= = 1) —E (=14 |Digr =0) =0 for k <0

Proof. This follows immediately from the IID assumption. Note that normalized income in period
t* + k, k < 0 can be written as:

Uit +k = Yitr+k — Yit*+r
= Zjpr+k T Eitr+k — it +r — Eitr+r

t*+max(k,r)

1(r>k
= (—1)tr>k) Z Mi,s + €itr+k — Eit*4r
s=t*+min(k,r)+1
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Taking expectations conditional on D; 4+ = 1, we have:

t*+max(k,r)
E (i [Dige = 1) = E [ (=11 > Miys + Eipr ke = Eiertr | Digr = 1
s=t*+min(k,r)+1
t*+max(k,r)

— 1(r>k
=E|(-1) (r>k) Z Ni,s t Eitr+k — Eit +r
s=t*+min(k,r)+1

where the second line follows from the IID assumption and the fact that k,r < 0. Likewise, we have:

t*+max (k,r)
E (i 11k ‘Dz’,t* =0)=E (—1)1(r>k) Z Mis T Eitx ik — Eitr+r
s=t*+min(k,r)+1

Taking the difference between these two yields the desired result. O

Testable Prediction 3 (Negative Income Difference at t* + 1)
If Assumption IID holds, the average difference in (normalized) log income between the treated
and control group in period t* + 1 is equal to the average difference in the permanent and transitory

shocks in period t* + 1, and both average differences are negative.

E (§i g+ 11 |Digr = 1) —E (Jip 11 | Digr = 0) =E (ig=41 | Digr = 1) = (nig=41 | Digr = 0)

<0
+E (gio41 |Digr = 1) —E (gi4=41 | Dip= = 0)
<0
<0
Proof. Recall, that we can write normalized income in period t* 4 1 as:
Jitr+1 = Yi,t*+1 — Yit*+r
= Zigr+1 T Eipr+1 — Zitr+r — Eit*4r
tr+1
= Z Mi,s T Eitr+1 — Eitr4r
s=t*+r+1
Taking expectations conditional on D;+ = 1, we have:
t*+1
E (it 1 ’Di,t* =1)=E Z Nis + it 41 — Eiprtr |Dz‘,t* =1
s=t*+r+1

t*
=E ( Z Nis — 5i,t*+r> +E (041 + €ipe 1 | Digr = 1)
s=t*+r+1

where the last line follows from Assumption IID and the fact that » < 0. Intuitively, the lagged

values of the shocks are independent of the shocks involved in the definition of D; s+, —Ay; 411 =
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—Nitx4+1 — Eipx+1 + €0+ Likewise, we have:

t*

E (fite41|Dig= =0) = E ( Z Mis — €i,t*+r> +E (ige41 + €ipr41 | Dig= = 0)
s=t*+r+1

Taking the difference between the two yields the main expression.

To show that each component is less than zero, we can again appeal to Lemma CEI. First, we
define X = n;++1 and Y = g; 4 — €;4+41 — M_p,, and note that the two are independent. Second,
we redefine X = g;4+11 and Y = ;4= —1;1++1 — M_py, and again note that the two are independent.
In both cases, D;+ = 1 = X < Y. The inequalities then follow from the Lemma and the fact that
by the definition of the median, Pr(D; s« = 1) = Pr(—Ay; 11 > M_p,) € (0,1). O

Testable Prediction 4 (Negative Income Difference at ¢t* 4+ 2 Onward)
If Assumption IID holds, the difference in (normalized) log income between the treated and control
group in periods t > t* 4+ 1 is equal to the average difference in the permanent shock in period t* 4+ 1,

and this difference is negative.

E (§i4*+k | Dir = 1) = E (§ig# 1 | Digr = 0) =E (ipe41 |Digs = 1) —E (ipe41 |Digr = 0)
<0  fork>1

Proof. Recall, that we can write normalized income in period t* + k, k > 1 as:

Tigr+k = Yitr+k — Yitr+r
= Zijpr 1k T Eitr+k — Zig +r — Eitr4r
t*+k

E Ni,s + Eitx+k — Eit*+r
s=t*+r+1

Taking expectations conditional on D;+ = 1, we have:

t*+k

E (§i4*+k |Dig= =1) = E < Z Niys + Eiprak — Eipxtr | Digx = 1)
s=t*+r+1

t* otk
=E < Z Mi,s + Z Ni,s + Eipr ik — 5i,t*+r> +E (7i4+ 11 ‘Dz’,t* =1)
s=t*+r+1 s=t*+2

where the last line follows from Assumption IID and the fact that » < 0. Intuitively, the lagged and
lead values of the shocks are independent of the shocks involved in the definition of Dj; ¢, —Ay; ¢+ 41 =

—Nit*+1 — Eipx+1 + €0+ Likewise, we have:

t* 4k
E (fi4++k |Digs =0) = E ( Z Nis + Z Mis + Eiprtk — €i,t*+r> +E (i 441 |Dig= = 0)
s=t*+r s=t*+2

Taking the difference between the two yields the main expression.
To show that difference is less than zero, we can again appeal to Lemma CEIL First, we define

X = nige41 and Y = g; 4+ — €54++1 — M_py, and note that the two are independent. Furthermore,
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we have that D;+ =1 = X <Y. The inequality then follows from the Lemma and the fact that by
the definition of the median, Pr(D; = 1) = Pr(—Ay; =41 > M_p,) € (0,1). O

Testable Prediction 5 (Parallel Pre-event Consumption Trends)
If Assumptions IID and CE hold, the average difference in (normalized) log consumption between

the treated and control group is zero during periods t < t*, i.e. there are parallel trends:
E (&i,t*+k |D¢7t* = 1) —E (Ei,t*Jrk ‘Di7t* = 0) =0 fork<0
Proof. Note that normalized consumption in period t* + k, k < 0 can be written as:

Cipx 4k = Cit* 1k — Cit*+r
t*+max(k,r)

_ (71)1(r>k) Z Acis
s=t*+min(k,r)+1

t*+max(k,r)

- (_1)1(r>k) Z (ﬂnnis + Begis + Czs)

s=t*+min(k,r)+1
Taking expectations conditional on D; 4+ = 1, we have:

t*+max(k,r)
E (Gt | Dige = 1) = E [ (1)K > (Byis + Becis + Gis) | Dipe = 1
s=t*+min(k,r)+1
t*+max(k,r)

=E (_1)1(7.>k) Z (ﬂnnis + ﬁsgis + <zs)

s=t*+min(k,r)+1

where the second line follows from the independence of the lagged shocks and those involved in the

definition of Dj; ¢, —Ay; 1+ 11 = =1+ 41 — €i,0++1 + €+ We can likewise show that:

t*+max(k,r)

E (Gi4= 41 [Dige = 0) = E | (-=1)*">H) > (Bytis + Becis + Gis)
s=t*+min(k,r)+1

Taking the difference between the two yields the desired result. O

Result Pooled (Parameter Equivalence of Pooled RCT and Simple RCT)
Using the Pooled RCT, we are able to identify 8. using the following ratio:
E (CZ' t* D-POOled = 1) (Ci t*
E y ) CcT }DPooled 1) (y ) CcT ‘DPooled 0)
9,t* 3,t*
3 [E (e D5 = 1) ~ B (cure [ 5 = 0)
% |:IE (yzt*T|D€_1> (yzt*T‘D6_0>:|

:56

DPooled — 0)

/Be,Pooled =

where yRCT is log income, inclusive of the treatment payment.
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Proof. First note that for the f_. RCT and the 3, RCTs, since the treatment is randomized and
transfers are not revealed until period t* + 1, we have:

E (Ciﬂg* D;E = 1) —E (Ci,t*
]E(Cit* D7-7 = 1) —IE(Cit*

D=0
D=0
]E(y”*T|D = ) 1E<ymT|D c=0

E (ymT D7 = 1) E (y,t*T D7 =0

The numerator of the pooled estimator is therefore:

E (Ci,t* pPooled 1) —E <c1»7t* pFooled _ 0) = é [E (cip+ |DS = 1) —E (cip= |DE = 0)]
+é [E (ci» |[D75 =1) — E (ci= | D5 = 0)]
+% [E (cip | D] = 1) —E (cip» |D] = 0)]
= é [E (cit= |Df = 1) —E (cip= |Df =0)]

Similarly, the denominator of the estimator is:

E <y£gT ‘DiPooled _ 1) E (yﬁgT ‘DzPooled _ O) _ % {]E (yz T | pe — ) E (yl T | pe — )]
+% B (yEST [D7F = 1) —E (<7 D= = 0)]
+% [E (4R |0} = 1) —E (4T (D = 0))]

= [B(vECTIDF = 1) —E (47 1D; = 0)]

Taking the ratio of the two, we then have:

E (cig+ |DFoOd = 1) — E (4 | DFOled = 0)
E (yZ 'CT | DFooted = 1) E (yﬁqT | DPooled — 0)
3 [E (cipe |DE = 1) —E (cig= |DF = 0)]
i [B (o7 107 = 1) ~E (ufi¢" |7 = 0

=B

ﬂs,Pooled =

where the last line follows from Result RCT above. O

Result Pooled RCT-HMBPP (Income Equivalence of Pooled RCT and HM-BPP)
If Assumption IID holds, the average difference in (normalized) log income based on the binary
instrument, Djp = L(=Ay;pep1 < M_py), is equivalent to the average difference in log income

between the treatment and control groups of the pooled experiment, in all time periods:
E (i |Dig» =1) —E (§iy |Dige =0) = E ( RCT ‘DPooled 1) _E ( RCT ‘DPooled 0) Vi
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where the treatments in each of the three sub-RCTs are defined as:

pe =3 (]E (Ei,t* Dj+ = 1) —-E (é“iyt* Djy = O))
pe =3 (E (eipe41 [Digr = 1) —E (ei4041 [ Digr = 0))
tin =3 (B (i 11 |Dig = 1) —E (nig= 41 | Dig= = 0))

and yﬁCT is log income, inclusive of the treatment payment.

Proof. Note, that for periods prior to t*, by way of randomization and the fact that none of the
experimental transfers have been announced, income is independent of treatment status in each of the
sub-RCTs. That is, for £ < 0, we have:

C' C C
E (yfﬁ*fk |D; = ) —E (yﬁ*fk |D; = 0) =E (yﬁ*fk) —-E (yf}*fk) =0
RCT — RCT — RCT RCT
E (yi,t*+k |Di f= 1) —E (yi,t*+k |Di f= 0) =E (yi,t*+k> —E (%’,t*-&-k) =

RCT RCT RCT RCT
E (yi,t*+/€ |Dzn = 1) —E (yi7t*+k |D? = O) =E (yi,t*+k> -E (yi,t*+k) =0

o

It follows that the pooled RCT, which is a simple average of these three RCTs, exhibits the same
pattern for k < 0:

1
E (yfCT, [DPeotd = 1) —E (yFCT, [DPeott = 0) = 2 [B (4T, D7 = 1) —E (yCT, D7 = 0)]

1 . _

+ 5 [E (w0 [ = 1) —E (4T, D= = 0))]
1

+ 5 [E (WAL, D) = 1) —E (4T, | D) = 0)]

=0

=E (§i4*+k |Dige =1) —E (§i =41 | Dig» = 0)
where the last line follows from Testable Prediction 2, thus establishing our desired result for periods
t* + k when k < 0.

For period t*, note that, again, because the 3_. and the 3, RCTs are randomized and transfers

are not revealed until period t* + 1, we have:

B (A7 D = 1) B (A7 D = 0) =B (A7) — B (4£7) =0

E (4T |D) = 1) —E (ST D) =0) = E (4F5T) —E (4FCT) =0
In addition, for the 8. RCT, we can write log income, inclusive of the experimental transfer, as:

E (47D = d) = E (24t + i+ Dipcd(t = 17)|Df = d)

= E (zit + i) + dpc1(t = t*)
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It follows that:
E (yz t*T |Df = 1) E (yz t*T |Df = 0) E (zigx + €it*) + pre — E (2zitx + €iex)
= He
We can therefore show that:

1
E (yﬁ(iT )Dfooled = 1) ~E (yﬁ(iT ‘Dfooled = o) =3 []E (yl CT | DE = 1) E (yz CT | DE = o)]

e o o =) 5 (57—
5 [E (T |Dr =1) ~E (457 DY =0)]
=3 [B (o7 1D; =1) ~E (457 1D; = 0))]
= 3 lue
— é [3(E (gig+ |Dig= = 1) —E (g4« | Ds = = 0))]
=E (¢i¢|Dipr =1) —E (ci |Dig= = 0)
=FE (gi,t* Dj = 1) —E (?]z‘,t* D+ = O)

where the second-to-last line follows from the specified value for p. in the result. The last line follows
from Testable Prediction 1, establishing the desired result for period t*.
For period t* + 1, note that, because the (5. treatment is randomized, and no transfers are ex-

changed beyond period t*, we have:

E (yz t*+1 |D€ = 1) E (yl t*+1 |DE = 0) E (yi‘}?ﬂ) —E (yz 531) =0

Next, note that income for the S_. and 3, RCTs can be written, respectively, as:

E (thCT D€ = d) Zit 4 e+ Dy Sp_c1(t =t +1) | Dy = d)

Zit+eit) +dp_c1(t =1" +1)

E

—E
E(yi"|D! =d) = E
—E

(
(2t + it + Dy (t > t* 4+ 1) | DI = d)
(zit +€it) +dpyl(t >t +1)

We therefore have, for the 8_. and 3, RCTs, in period t* + 1:

E (yﬁgﬂ |D;f = 1) E (yz i1 | DT = 0) E (zigr+1 +€ipr+1) + p—e — E (2igr41 +€ipv41)
= H—¢
E (yflgﬂ |D] = 1) —E (yﬁqJTﬂ |D} = 0) =E (zig+1 +€ipr+1) + iy — E (Zigr 41 + o2 41)
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It follows that, for the pooled RCT in period t* + 1, we have:
1
E (yfCT, [DFd = 1) —E (35T, |DFd = 0) = 2 [ (47, 1Df = 1) —E (45T, 1D = 0)]

5 [B (TP = 1) - B (48T, |pre =0))

3
+% [E (4T, D = 1) B (/€T [D] = 0)]
= 2 10]+ 3 (el + 5 )
_ % [3(E (6i4o41|Dige = 1) —E (614041 | Dige = 0))]
43 [3(B (1 [Die = 1) E (o1 [ Die = 0))]
=E (gigr41 |Digr = 1) —E (gir+1 |Diy» = 0)

+E (i 41 |Dig= =1) —E (i =41 |Dig= = 0)
=B (§is=+1|Dige = 1) =B (§ig=41 |Dig= = 0)
where the second to last line follows from the values of ;1. and py, set in the statement of the result.
The last line follows from Testable Prediction 3, yielding the desired result for period ¢t* + 1.

Finally, for all periods t* 4+ k where k > 1, we have the following, by randomization of treatment

assignment and a lack of any further transfer for the 8. and 5_. RCTs:

E (yFCTo1D; =1) —E (v7, 107 = 0) = E (4F7,) — B (v<T)

RCT - RCT - RCT RCT
E (yz t*+k |Di °= 1) -E (yz t*+k |Di f= O) =E (yz t*+k) E <yi,t*+k) =0

0

Using our expression for yltCT for the 8, RCT from above, we have, for k& > 1:
E (yi‘l% D} = 1) —E (yﬁtgzk D} = 0) =E (zigesk + €igrak) + i — B (250 1k + 600 11

It follows, then, for periods t* 4+ k where k > 1, we have the following for the pooled RCT:

1
RCT | Pooled RCT | Pooled RCT RCT
]E(yzt*+k‘Di oo :1) ]E(yzt*+k‘Di oo :0) =3 [IE <yzt*+k|Df= ) —IE(yzt*+k|Df=0)}

5 [B (T Dre = 1) ~E (4T, D = 0)]
+ 2 [B (T | = 1) ~E (41T [0 = 0)]
0]+ 5 0]+ 5 (]

1
3
5 [3(E (g1 [Dige = 1)~ E (e 41 |Dige =0))]
E (nige+1 |Dig= = 1) = E (=41 | Dig= = 0)
E (§ie+k | Dige = 1) —E (§i0o4 |Dig= = 0)

The last line follows from Testable Prediction 4, establishing the remaining desired equivalence in
periods t* + k for k > 1. O
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Result Wald (Identification of 5. with Wald Estimator)
If Assumptions IID and CE hold, the ratio of the difference in (normalized) log consumption
between the treated and control group and the difference in (normalized) log income between the treated

and control group in period t* is equal to Be:

E (¢t |Dipr = 1) —E (Gt [Dig= =0)
o — o —= = [
E (it |Digr = 1) — E (§it | Dig= = 0)

Be WALD =

Proof. Note that normalized consumption in period t* can be written as:

Citx = Cijtx — Cj x4y

-
Z ACiS

s=t*+r+1
-
Z (6177713 + Be€is + Czs)

s=t*+r+1

Taking expectations conditional on D;+ = 1, we have:
t*

E (Gyp» |[Dy= =1) =E ( Z (Bynis + Becis + Cis) | Digx = 1)

s=t*+r+1

1
=E ( Z (Bynis + Beeis + Cis) + Bynir= + Cit*) + E (Beeir= |Digx = 1)

s=t*+r+1

where the second line follows from the independence of the nearly all of the shocks contributing to é&;+

and those involved in the definition of D; 4+, —Ay; 111 = =1 4x41 — €0+ +1 + i+ We can likewise
show that:
t*—1
E (G- [Dig= = 0) = E ( > (Bumis + Begis + Gis) + Bymive + Cz't*) + E (Begit [Dirx = 0)
s=t*+r

Taking the difference between the two yields the following expression for the numerator of the binary

estimator:

E (E’Lt* |Djt* = 1) —E (Ezt* |D’Lt* = O) =E (Befit* |Dit* — 1) —E (6551'19‘ |Dit* _ O)
= B¢ (E (g4 |Dig» = 1) —E (g4 [Diy= = 0))

We can likewise simplify the denominator of the binary estimator using Testable Prediction 1:

E (i

Diy =1) —E (§i

DM* = 0) =E (Ei,t*

Di,t* = 1) —E (Eiﬂg*

Dip» =0)

Taking the ratio of the numerator and denominator yields the desired result. O

Result ID (Identification of 3. IT)
If Assumptions IID2 and CE2 hold, Bg is identified by using the one-period lead, coworker income
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growth instrument:

. cov (Acit, _ij(—i,t),tJrl) cov (Acit, Ef(i,t),t) Bga]zcg f
Be,HM—BPP—Co = = =—F— =4

cov (Ayita _ij(—i,t),t—l-l) var <€§(i,t),t) e

where JJ%E is the variance of the transitory firm shock.

Proof. First, note that the coworker instrument can be simplified as follows:

1
fij(iivt)th;—Aln N Z Yt
](—l,t),t+1 i/lj(’i/7t+1)=j(i7t)’i/7éi
Nj(—it) 41

il |5 (i t+1)=75 (i,t) i i

= — ln - Z eyi/,t+1
N., .

T )50 411)=j (i) ' 4

1
1 [ E Yil ¢
o Niityt e o c
g () =5 (4,t),8 #i

f i f
= —1In 41 Z en (4 t+1), t+1+77 j (4 ',t+1),t+€j(i’,t+1),t+1ezilvi—1+n$,t+n$,t+l+51’ t4+1
N311 15000 456,002
f f
e e > 0 i 0 T
N., .
IO )0 ) =3 (5,0) 4" i
f f f
—1In | Mo, 1 T, T () 141 ; Z ezi’,t—1+77 7, t+1+ Ve
N, .
IO )50 41) =j (i)'
f f
+1In enj(i,t),t+5j(i,t),t ; Z ezi/vt*1+n7}1’},t+8;‘;,t
Niit)t g
i1 (¢ 6) =3 (i) i’ #i
f f f
J(z )t+1 ](z 0t " i1 T TG TG
Z ezi’,tfl+77;‘/,t+77;1'),t+1+8?;,t+1
N
J(=it)t+1 )5 (¢ t41)=5(i,t),0' #i
Z it e,
N ; .
7(2",8)=35(4,t),i' #i
)41 (z 41 T Ii(—it+1) t+1

where the function g(-) is shorthand for the final two terms and is a function of a combination of
shocks that are independent of (Ay; ¢, Aciy).

We can then show our result directly by simplifying the numerator and denominator:
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cov (Acita _ij(—i,t),t—l-l) = cov (577 (77% + ﬂf(ivt)i) + 55 (5% + E;'c(i,t),t> + Git,

f f
i) 1 T Agj(i,t),t—i—l + gj(fivt)vﬂrl)

cov (By(n§ + ;) + Beleli + el )+ G

f f f
i) 1 T Sty n T Ej(i,wﬁgj(—iyt%tﬂ)

€
= P0e
cov (Ayit, *ij(fi,t),t—i-l) = cov (n}f’t + n;(i’t)’t +Agiy + Ag;'c(i,t),t’
_njf(i,t),tﬂ B Agf(i,t),tﬂ + gj(*i7t)7t+l>

_ w f w w f f
= cov (th + gy 2t = SHim )~ SHaamner

f ! !
it~ St T e T 95 Hyt%tﬂ)
2
The result then follows by taking the ratio of the numerator and denominator. O

Appendix D Ordinary Least Squares

Consider the following first-difference OLS specification

Acy = a+ BorsAyir + Cit (D.1)

where 7 indexes households, ¢ indexes time (months), ¢ is the log of monthly nondurable consumption,
and y is the log of monthly labor income. The use of logs means that Sojg can be interpreted as an
elasticity of consumption with respect to income, and thus a measure of consumption sensitivity. The

parameter Sprg is identified under the following assumption:

Assumption EO (Earnings Orthogonality)

E(Git |Ayie) =0

Assumption EO asserts that income changes are exogenous with respect to the unobserved determi-
nants of consumption growth.

There are two key challenges to this baseline approach. First, variation in labor income includes
unexpected permanent and transitory shocks and mean reversion following transitory shocks, as well
as predictable fluctuations, due to, for example, seasonality in earnings. In that case, the parameter
Bors is not readily interpretable as the consumption response to unexpected shocks that is commonly
the target of consumption-savings models. To see this, note that we have the following expression

that summarizes the different components of this estimator:

Result OLS (OLS Estimator)

If income follows the process in equation (3) and consumption changes are governed by equation
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(4), then the OLS regression of consumption changes on income changes is as follows:

cov(Acit, Ayir) _ s B, + a2 3 +C0V(<it>Ayit)
var(Ayit) o2 +202"" ol +2027° var(Ay;t)

Be,ons =

Proof. This can be directly shown by writing out the full expressions for the consumption and income

changes:
cov(Acit, Ayi) = cov(Bymit + Bee + Git, Ayit)
= cov(Bynit + Bee, Dyit) + cov((it, Dyit)
= cov(Bymit + Bee, nit + €it — €it—1) + cov(Cit, Ayit)
= 028y + 02 Bz + cov(Cit, Ayir)
var(Ay; ) = 0,2, + 20?
Taking the ratio of the two yields the result. O

If we invoke Assumption EO, we still have that the estimator is a mix of transitory and permanent

shocks:

Corollary MIX (Mixture of Responses)
If income follows the process in equation (3) and consumption changes are governed by equation

(4), and EO holds, then the OLS estimator is a mizture of permanent and transitory responses:

N _ cov(Acit, Ayir) _ op 2
BE,OLS — Var(Ayit) - 0_% + 20_? ﬁ’f] + 0_727 + 20_? BE

Proof. Assumption EO implies that cov((;, Ay;:) = 0. Plugging into Result OLS, the result immedi-
ately follows. O

Note, however, that the weights in this mixture do not sum to one. This is because part of the
variation in Ay;; is due to mean reversion of a transitory shock in period ¢ — 1. This variation in
income that does not affect consumption leads to attenuation. We can see this more clearly if we
assume away permanent shocks. Even in that case, the estimator is biased downward due to mean

reversion:

Corollary MRA (Mean Reversion Attenuation)
If income follows the process in equation (3) and consumption changes are governed by equation
(4), and EO holds, and there are no permanent shocks (O’% = 0), then the OLS estimator will be an

attenuated estimate of Be:
cov(Acit, Ayir) _ o?
var(Ay;t) 202

€

1
Be = iﬁe

Be,oLs =

Proof. Assumption EO implies that cov({;, Ay;s) = 0. Using Result OLS, and plugging in a% =0,

the result immediately follows. O
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Intuitively, the variation in income growth is driven by both the innovation and predictable reversion
of the prior shock, while the only variation that affects consumption is the unpredictable innovation
half of the change.

Appendix E Testable Predictions for a Continuous Instrument

Assumptions IID and CE support identification of our key parameter of interest, and also yield an
additional set of empirical implications regarding earnings that may be inspected with panel data.
In the main text, we present a set of testable predictions for normalized log income conditional on a
binary version of our primary instrument. In this appendix, we present analogous predictions based

on the continuous version of the instrument: —Ay; 1+ 1.

Testable Prediction E1 (First Stage: Positive Income Covariance at t*)
If Assumption IID holds, the covariance between the (negative) one-year income growth lead and

(normalized) log income in period t* is positive and equal to the variance of the transitory shock:
cov (§ipx, —Ayiprs1) = 02 >0
Proof. Note that we can write normalized log income in period t* as:

Tit* = Yit* — Yitr+r

= Zjpx + Eitx — Zitr+r — ittt

-
= Z MNi,s T Eitx — Ejt*+r
s=t*+r+1
We then have:
o
cov (ﬂi,t*, _Ayi,t*Jrl) = cov ( Z Ni,s T it — Eigxtry — Nigr4+1 — Eipx41 + 5i,t*>
s=t*+r+1
= o2
>0

O

Note that the covariance in this result is exactly the numerator of our first-stage regression coefficient
in income when we set r = —1, and continues to equal the numerator of our first stage coefficient for

any r < 0.

Testable Prediction E2 (Parallel Pre-event Income Trends)
If Assumption IID holds, the covariance between the (negative) one-year income growth lead and

lagged (normalized) log income is zero during periods before t*:

cov (Fipx 4k —DAyipr41) =0 for k<0
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Proof. Note that normalized income in period t* 4+ k, k < 0 can be written as:

Uit +k = Yir+k — Yit*+r

Zitr+k T Eitr+k — Zitr+r — Eitr4r
t*+max(k,r)

_ 1(r>k
=(-1) (r>k) Z Ni,s T Eitx+k — Eit +r
s=t*+min(k,r)+1

We then have for k < 0:

t*+max(k,r)

~ 1(r>k
cov (yz',t*+k, _Ayi,t*+1) =cov | (-1) (r>k) Z Mis T Eitrtk — Eit*+ry — Mitr4+1 — Eipr 41 + Ej g

s=t*+min(k,r)+1

=0

where the last line follows from Assumption IID and the fact that the shocks contributing to normalized

log income do not overlap with the shocks contributing to the instrument. O

As in the case of a difference-in-differences (DD) estimator or event study, our assumptions imply
trends that can be visually inspected using panel data. In this way, the semi-structural approach
of HM-BPP can be linked to tests that are common in the quasi-experimental literature. Note, as
well, that this prediction of parallel trends is related to a result in Blundell, Pistaferri, and Preston
(2008), who show that the covariance between lagged first-differences and the same instrument are
zero. Those predictions are nested within ours for an appropriately chosen r < 0. These predictions
are also in the spirit of a prediction by Hall and Mishkin (1982), whose model implies zero correlation
between consumption growth and lagged income growth.

We also have predictions for post-event periods:

Testable Prediction E3 (Negative Income Covariance at t* + 1)
If Assumption IID holds, the covariance between the (negative) one-year income growth lead and
(normalized) log income in period t* + 1 is negative and equal in absolute magnitude to the sum of the

variances of the transitory and permanent shocks:
i —Ay; =-02-02<0
cov (Fitr+1, —DYite+1) = op —0g <
Proof. Note that we can write normalized log income in period t* 4 1 as:

Tit*+1 = Yi,t*+1 — Yi,t*+r
= Zigr+1 T Eit 41 — Zitr+r — Eitr4r
t*+1

= E Ni,s T Eitr+1 — Eitx4r
s=t*+r+1
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We then have:

t* 41
cov (Fi,¢* 41, —AYi 1) = cov E Ni,s T Eitx+1 — Eit*4ry — Nigr+1 — Ejpx+1 T Ejt*
s=t*+r+1
_ 2 2
== —0',,7 — 05

<0

Testable Prediction E4 (Negative Income Covariance at t* + 2 Onward)
If Assumption IID holds, the covariance between the (negative) one-year income growth lead and
(normalized) log income in periods t > t* + 1 is negative and equal in absolute magnitude to the

variance of the permanent shock:
cov (gi,t*%, —Ayi,t*-s-l) = —072] <0 for k>1
Proof. Note that we can write normalized log income in period t* + k, k > 1 as:

it~k = Yit*+k — Yit*+r
= Zitr+k T Eitr+k — Zir+r — Eitr4r
-k
= Z Ni,s T Eijtx+k — Eitr+r
s=t*+r+1

We then have for k > 1:

t*+k
cov (ﬂi,t*+k, _Ayi,t*Jrl) = cov E Mi,s T Eitr+k — it 4ry — Nigr+1 — Eigr41 1 Eit
s=t*+r+1

O

These predictions mean that when using a continuous instrument, if we plot the results of an
event-study like regression, we end up with similar qualitative patterns as in the case of the binary
instrument: parallel trends in the pre-period, a positive spike at time t*, a negative spike at time
t* + 1, and smaller, negative differences thereafter. Note that in our result log income is normalized
relative to a pre-period level of income. If we had instead used a simple first-difference in income, we
would no longer recover information relevant to the permanent income shock, as the covariance would

now equal zero. That is:

cov (Ayz‘,t*+k, _Ayi,t*+1) = cov (Uz‘,t*+k + Eitrtk — Eitrrk—1y — Mitr+1 — Eitr4+1 T+ €z‘,t*) =0

It is therefore important to normalize relative to a pre-period. We similarly have a prediction regarding

pre-trends in consumption:
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Testable Prediction E5 (Parallel Pre-event Consumption Trends)
If Assumption IID and CE hold, the covariance between the (negative) one-year income growth

lead and lagged (normalized) log consumption is zero during periods before t*:
cov (5i7t*+k, —Ay,-7t*+1) =0 for k<O
Proof. Note that normalized consumption in period t* + k, k£ < 0 can be written as:

Cipxtk = Cig* 1k — Cit*+r
t*+max(k,r)

— (=1)>R) 3 Acis
s=t*+min(k,r)+1
t*+max(k,r)

= (_1)1(T>k) Z (ﬂn"%s + ﬂeEis + Czs)

s=t*+min(k,r)+1
We then have for k < 0:

t*+max(k,r)
~ 1
oV (Giv 4y —Ayige41) = cov | (=1)1H) > (Bymis + Be€is + Cis) 5 = Mits+1 = Eitr 41 + Ei e
s=t*+min(k,r)+1

=0

where the last line follows from Assumptions IID and CE and the fact that the shocks contributing

to normalized log consumption do not overlap with the shocks contributing to the instrument. O

All of the above covariances can be tested within a single event-study type regression, as in equation
(17). The coefficents in that regression are proportional to the covariances above, scaled by a factor
of 1/var(—Ay;+41) = 1/(0% +202).

Appendix F Sample Restrictions

We impose sample screens to ensure that we focus on employed households whose primary bank
accounts are at Chase and for whom we reliably measure labor income. For income, we restrict to
households who receive a checking account direct deposit that JPMCI categorizes as a paycheck. Each
paycheck includes a field describing the counterparty who initiated the direct deposit. To ensure that
these direct deposits are actually labor income and that we are reliably measuring them, we exclude
all paychecks coming from jobs that appear to be paid on an irregular pay schedule. This drops 8%
of paychecks. After this restriction, we aggregate all remaining paychecks paid in each month by each
employer to calculate employer-level variables. We then take a 10% sample of employed households
for computational feasibility.

In order to run our primary empirical specifications, we require non-missing household-level labor
income, coworker labor income, and nondurable spending in a given month as well as the prior month,
and a non-missing checking account buffer in the current month. We also require non-missing twelfth
lags of household-level labor income and coworker labor income in order to run our seasonal adjustment

procedure. Together, these requirements drop 45% of households and 55% of household-months.
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Finally, we impose an activity screen to ensure that we focus on households whose primary bank
account is at Chase. We drop all household-months without five checking account outflows in that
month and in the previous month. This sample restriction drops 9% of households and 15% of
household months. Our final analysis sample includes 1.3 million households, 1.7 million household-

employers, 25.2 million household-months, and 27.9 million household-employer-months.

Appendix G Sources of Variation

We use PayrollCompany data to examine the underlying sources of earnings variation observed in
JPMCI bank account data. PayrollCompany data is described in more detail in Section 3 and in
Ganong et al. (2025).

The unit of analysis in PayrollCompany data is a “pay item,” which captures a distinct component
of a worker’s paycheck-specific earnings. The three most common pay items are base pay, bonuses,
and overtime (Ganong et al. 2025). Typically, a single paycheck includes multiple pay items, the sum
of which are deposited into the employee’s bank account at the end of a pay period. Earnings data
structure differs significantly between hourly and salaried workers. For hourly workers, data explicitly
include hours worked and hourly wage rates, whereas salaried workers have only a monthly wage rate.
Given these differences, we conduct separate analyses for hourly and salaried employees.

Ganong et al. (2025) find that earnings instability among salaried workers is not primarily driven
by fluctuations in their wage rates. Similarly, for hourly workers, changes in earnings per hour account
for only a small portion of total earnings variability. Instead, fluctuations in hours worked constitute
a substantial share of the overall earnings variation observed for hourly workers. We show below that
the same patterns are apparent when subsetting just to the volatility identified by our instrument.

Figure G-1 documents the underlying sources of earnings variation picked up by our instrument
by separating earnings changes into their respective components: wages and hours. The top panel
focuses on salaried workers, plotting the normalized mean change in total earnings and the monthly
wage rate across deciles of our instrument, defined as the seasonally adjusted change in period-ahead
coworker earnings per check. The bottom panel repeats this analysis for hourly workers, substituting
the monthly wage rate with the hourly wage rate and including the normalized mean change in hours
worked. These results lead us to conclude that wage rate fluctuations account for a minimal share of
the earnings variability identified by our instrument, whereas changes in hours worked explain much of
the earnings instability observed among hourly workers and changes in non-base salary compensation

account for most of the variation for salaried workers.
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Figure G-1: Sources of Variation

(a) Salaried Workers

Normalized change from prior month

15%
B Base Salary Wage Rate
Total Earnings
10%
5%

v W= i

-5%

Lowest Highest
Change in log coworker pay (deciles)

(b) Hourly Workers

Normalized change from prior month

5.0%
B Hours
[ Base Hourly Wage Rate
Total Earnings
2.5%

0.0% l I u

-2.5%

Lowest Highest
Change in log coworker pay (deciles)

Notes: This figure separates changes in earnings into their underlying components using administrative payroll data.
The top panel restricts the sample to salaried workers and plots the mean change in total earnings and base wages
across 10 deciles of the instrument (_ij(—i,t),t 1 1) conditional on the instrument value within each decile and net of
the unconditional mean change across all deciles. The bottom panel repeats this exercise for hourly workers, plotting
mean changes in total earnings, hours worked, and earnings per hour across the same deciles. See Appendix G for
details.
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Appendix H Simulating an Income Process

In Figure 3 we plot coefficients from regressions using actual data and simulated data. For the simu-
lated data, we generate an income process for pay per paycheck, following Section 2, with additional

components as explained in Appendix B.2:

P w f
Yipe = Zig Tt T €504

f

(L.1)
Zit = Zig—1 + iy + i for t>1

Where ¢ indexes the N workers, j indexes the J firms, and t ranges from zero to 7. We draw an
initial, iid income component for each worker from the z; o ~ N (0,02 ). We then draw iid temporary
worker shocks for each worker starting in period 0, f, ~ N (0,02,), and iid permanent shocks for
each worker staring in period 1, 77% ~ N (0, 0'727w). For firm shocks, we draw iid transitory firm shocks
starting in period 0, sf,t ~ N(O,ogf), and iid permanent firm shocks n{vt ~ N(O,aflf) starting in
period 1. Each worker is randomly assigned, with equal probability, to one firm for the entire series.
Finally, for each worker, in each period, we randomly draw a number of paychecks received, M; g,
using a discrete distribution over the mass points 1 through 9. Letting m;; = log M; ;, total pay in a

period is then:

Yit = yﬁt + Mg (H.2)

We next simulate, for each firm, a coworker instrument that is used for each worker at that firm
in our simulated data. Rather than average over the workers in our simulated data set, we generate

the instrument directly as follows:

P _ . f f f
ij(—z‘,t),t-H =i 4+1 T i+~ St T Vj(—ip) 41 (H.3)

where ¥;(_; 1) 141 18 a measurement error term with distribution N(0, 0729).

In Figure 3, there are separate simulations for our regressions using binary and continuous instru-
ments. To match the levels of the graphs, we use separate values for the variance of the permanent
firm shock, n{vt, and the coworker instrument measurement error, ¥;(_; 1) ;41, for the binary and con-
tinuous versions of the graphs. The values used for the parameters underlying our simulations are
provided below in Table H-1:
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Table H-1: Income Simulation Parameter Values

Parameter Value
Number of Simulated Workers: NV 150,000
Number of Simulated Periods: T 120
Number of Simulated Firms: J 500
Variance of Worker Transitory Shocks: o2, 0.00752
Variance of Worker Permanent Shocks: U%w 0.00557
Variance of Firm Transitory Shocks: ogf 0.00255
Variance of Firm Permanent Shocks:
Binary Instrument 0.000810
Continuous Instrument 0.000210
Variance of Instrument Measurement Error: a§
Binary Instrument 0.0181
Continuous Instrument 0.00885
Distribution of Number of Paychecks:
Pr(M;; =1) 9.43%
Pr(M;; = 2) 61.9%
Pr(M;; = 3) 12.6%
Pr(M;; =4) 10.4%
Pr(M;; =5) 5.50%
Pr(M;; = 6) 0.164%
Pr(M;; =T7) 0.0146%
Pr(M;; = 8) 0.00441%
Pr(M;; =9) 0.00205%

Notes: This table reports the inputs for the simulations used in Figure 3.

Once the data are simulated, we have a series {Ayiﬂg, Ayf t} for N workers, a series {Ayf t}

for J firms, and a mapping j(¢,t) : 4,t = j assigning each worker to a firm in each period. Since
workers do not change firms in our simulation, this assignment happens once and remains throughout.

. Bi _ - _
We can then define our two key instruments Diytlnary = (_Ayﬁ)(—@t)ﬂtﬂ > M,Ay) and Dgf“tmuous =

_Ay;)(—i,t),tH’ where M_x, = median (—Ayﬁ.’(ﬂ.’tm_i_1 . These variables are then used to estimate

our event study-like regression in equation (17), reproduced here:

12
Yitr4s = Z pr X Wk =1t"+ 8} X Djpx + ¢s + Vipxts
k=—12 k#—4

We stack the data, treating each period as t = t*, and plot the coefficients in Figure 3. The key goal of
this exercise is to demonstrate that in simulated data, an income process with the features of equations
(H.1) and (H.2), used with an instrument as in equation (H.3), will yield the specific sawtooth pattern
we find in the data. The fact that we can match the levels of the plot is less important, as we have

enough degrees of freedom in this simulation to do so.

A-45

t=0,...T t=0,...



Appendix I MPC Scaling Factor to Match NIPA Benchmarks

In Section 4.3, we report MPC estimates by scaling our elasticity estimates by the ratio of mean
nondurable consumption to mean labor income in our sample. However, it is possible that we have
an incomplete lens on total nondurable consumption and total labor income. We could be missing
some nondurable consumption because we do not include any spending on paper checks, because
we categorize only a subset of electronic ACH payments, and because, despite our activity screens,
households may still do some spending via non-Chase credit cards or out of non-Chase bank accounts.
Similarly, we could be missing some labor income because we do not include labor income paid via
cash or paper check, and because households may receive labor income into non-Chase bank accounts.
To account for this potential unobserved spending and income, we develop a scaling factor similar
to the procedure in Broda and Parker (2014), who scale up from the subset of consumer spending
observed in the Nielsen Consumer Panel to a measure that aligns with National Income and Product
Account (NTPA) spending per capita.

To compute an MPC scaling factor in our application, we need two components: mean NIPA
household spending on nondurables, and mean NIPA net income for employed households. To compute
mean nondurable spending, we first classify the PCE spending categories from the 2019 NIPA table
1.10 as either durable or nondurable.! Since the PCE captures total medical and drug spending,
but we want only out of pocket spending for our MPC, we account for this as in Ganong and Noel
(2019). In particular, we multiply PCE medical spending by 12.4 percent, and PCE spending on drugs
and pharmaceutical products by 14 percent, to obtain a measure of out of pocket medical spending.
After these adjustments, we sum spending on the PCE categories we categorize as nondurable, and
divide the total by the number of households in 2019, which was about 123 million according to the
ACS.2 Using this procedure, we estimate that, on average, households spent $3,995 per month on
nondurables in 2019.

We perform a similar exercise for income, the denominator of our scaling factor. We start from
total gross wages paid to persons in NIPA table 1.10, which gives us roughly $9.3 trillion. To align
this more closely with the type of data we observe from the Chase bank accounts, we net out federal
and state tax withholding. Using the 2019 IRS data book®, we estimate that roughly $1.3 trillion
was withheld in federal taxes. Using the FRED series on National Totals of State Tax Revenue?, we
then estimate total state tax revenue to be about $0.4 trillion in 2019. We further net out employee
contributions to pension, healthcare and social security. From the 2019 Private Pension Plan bulletin
of the DOLS, we find that employees contributed a total of $0.3 trillion to private pension plans.
Using a 2019 Policy Research Perspectives report on National Health Expenditures by the AMAS, we
find that employees contributed about $0.3 trillion to their health insurance plans. Finally, using the
SSA’s Contributions to the Social Security and Medicare Trust Funds tables”, we find that employee

social security contributions totaled roughly $0.6 trillion. That leaves total net income to employed

1We start from the classification in Ganong and Noel (2019) and update
it for the 2019 list of NIPA  categories. The  crosswalk can  be  found  here:
https://docs.google.com/spreadsheets/d/1RjYtJZVy8DPriMJfxv3h T41PzfKvdEeGYNPS20LpySo

2https://data.census.gov/table/ACSST1Y2019.51101?7q=ACSST1Y2019.51101

3https://www.irs.gov/pub/irs-prior/p55b-2020.pdf

4https://fred.stlouisfed.org/series/ QTAXTOTALQTAXCAT1USYES

Shttps://www.dol.gov/sites/dolgov/files/ebsa/researchers/statistics/retirement-bulletins/private-pension-plan-
bulletins-abstract-2019.pdf

6https://www.ama-assn.org/system /files/2021-05 /prp-annual-spending-2019.pdf

"https://www.ssa.gov/oact/STATS /table3c3.html
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households at about $6 trillion. To get at an average number, we must estimate the total number of
employed households in the U.S. in 2019. Using the 2019 ACS table on household size by number
of workers in the household®, we find that about 91 million households had at least one employed
member in 2019. Putting it all together, we estimate that employed households earned $5,781 per
month in net labor income, on average, in 2019.

Combining these two inputs, the ratio of average nondurable consumption to average net labor
income from 2019 NIPA data is 0.69, whereas the ratio from the JPMCI data is 0.45, as shown in
Table A-10 column (5). Therefore, in order to rescale our MPC estimates to the NIPA benchmarks,
as in Broda and Parker (2014), readers should multiply them by 1.5, the ratio of the PCE scaling
factor to the JPMCI scaling factor.

Appendix J Estimating a Dynamic Consumption Response

We now extend the consumption model from Section 2.1 to include a dynamic response to transitory
shocks. We allow transitory income shocks in a given month to impact consumption for three months,
i.e. one quarter. We maintain the income process from equation (3), but amend the consumption

function in equation (4) to include potential responses to lagged transitory shocks:

Acip = Bynit + Pe0git + Be1€ii—1 + Pe28it—2 + Be 36 t—3 + Git

(1.1)
56,3 = - (ﬁs,O + 56,1 + BE,Z)

The constraint on f; 3 limits the impact of a transitory shock to three periods. If equation (J.1)
holds, we can identity the parameters that govern the dynamic response relying on the same set of

assumptions underlying Result HM-BPP:?-10

Result Dynamic (Identification of f. o, -1, and (.2 )
If the consumption function follows equation (J.1) and Assumptions IID and CE hold, the dynamic

response parameters can be identified as follows:

8https://data.census.gov/table/ ACSDT1Y2019.B08202?t=Employment+and-+Labor+4Force+Status&y=2019&d=ACS+1-
Year+Estimates+Detailed+Tables

9In appendix C “more general model,” Blundell, Pistaferri, and Preston (2008) consider a more general consumption
function with dynamic responses to both transitory and permanent shocks. They show that without further assumptions,
only the contemporaneous response to a transitory shock is identified, while all responses to lagged shocks are not. We
add the assumption that consumption fully adjusts to permanent shocks in the month that a permanent shock is
realized, which enables us to identify the dynamic response to transitory shocks. In practice this assumption has little
quantitative importance in our setting because we find that there are few permanent shocks at a monthly frequency.

10This dynamic version of the model is over-identified, given our constraint on Be,3. The moments we use are just
one of many possible combinations of moments. We have confirmed that using alternative combinations of moments
yield similar qualitative results. Namely, the moment used to estimate 3¢ o holds in all cases; MPCs decrease over the
three months; and the cumulative MPC over three months remains strictly positive.
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5. 0= (Acit, —Ayit+1)
=7 cov (Ayir, —AYigi1)
= ﬁa,O
A cov (Acit, Ays 1 + Ayii—2 + Ay 1—3)
cov (Ayit, —Ayit41)

= ﬁa,l
s _ cov (Acit, Ayig—2 + Ayir—3)
cov (Ayit, —Ayii41)
= ﬁa,Q

Proof. First note that in all three cases, the denominator simplifies as follows:

cov (Ayit, —Ayi 1) = cov (Nit + €it — €it—1, —Mit+1 — Eit+1 + Eit)

_ 2
=0}

Next, we can simplify each of the three numerators:

cov (Acit, =AY 141) = cov (Bymit + Be,0€it + Bepii—1 + Be2gii—2 + Be3ci—3 + Cits
—Mit+1 — Eiyi+1 + Eit)
= 65,00'3
cov (Acit, Ays p—1 + Ayii—2 + Ay;1—3) = cov (Acit, Yit—1 — Yit—2 + Yit—2 — Yit—3 + Yit—3 — Yi,i—4)
= cov (Acit, Yit—1 — Yii—4)
= cov (Acit, zig—1 + €it1 — Zit—a4 — Eit—4)
= cov (Bynit + Be,0€it + Be,1€it—1 + Be2€it—2 + Be3€i1—3 + Cit,
Nig—1+ Nijg—2 +Mit—3 +Ei—1 — Eit—4)
= 65,103
cov (Acit, Ayip—2 + Ayi1—3) = cov (Acit, Yit—2 — Yijt—3 + Yi,t—3 — Yi,i—4)
= cov (Acit, Yi,t—2 — Yit—4)
= cov (Acit, zig—2 + €it—2 — Zijt—4 — Eit—4)
= cov (Bynit + Be,0€it + Pe,1€ii—1 + Be2€it—2 + Be38i0—3 + Git,
Nit—2 + Nit—3 + €it—2 — Eit—4)

= 65,20'3

The results follow by taking the ratio of these numerators and the denominator above.
O

We next show how the parameters of the consumption function can be used to trace out the

dynamic response to a transitory shock. That is, we would like to characterize the change in log
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consumption, in periods ¢, t + 1, and ¢ + 2, as a result of a shock ¢; in period ¢.

Note that we can write log consumption in period ¢ as:

¢t =c—1+ Ac

Thus, the effect on consumption in period ¢ is:

dcy 01+ Acy)
FE Oet
o a(ACt>
8515

= 6&,0

where the second line follows from Assumption IID. Similarly, we can write log consumption in period
t+1 as:

Ct41 = ci—1 + Acg + Aciyq

It follows that the effect on consumption in period ¢ + 1 is:

8Ct+1 _ 8(0,5_1 + ACt + ACtJrl)
Gat 6Et
a(ACt + Act+1)

8€t
= 65,0 + Be,l

Finally, we have, for c¢;12:

cty+2 = ci—1 + Acy + Acgp1 + Acyyo

Likewise, the effect on consumption in period ¢ + 2 would be:

Ocrva _ I(ci—1 + Act + Acpy1 + Acig2)
85t 8875
8(Act + Acyy1 + Act+2)

- 8675
= BE,O + ﬁs,l + ﬁE,Z

As in our main analysis, the results above can be extended to account for seasonality, variation due
to paycheck frequency, and the use of a coworker instrument to account for labor supply endogeneity
by using seasonally adjusted, pay per paycheck, coworker income growth for the second terms in all
of the covariances above. Our estimate for 3. o is the same as before: 0.221. Our estimates for the
remaining parameters are .1 = —0.100 and 8¢ 2 = —0.0368. Note that negative estimates of the
latter two parameters do not mean that consumption responds negatively to lagged transitory shocks.

The effect on the log-level of consumption is the cumulative sum of the coefficients. Rather, these
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parameter values imply that the consumption responses are increasingly smaller as time passes, but
remain positive. Our constraint that fc3 = — (B0 + Be,1 + Be,2) then ensures that the response
ceases after three months, i.e. dcitk /0t = Beo + Be,1 + Pe2 + Be,3 = 0 for k > 3.

After using the parameters j3; ;, to calculate the change in log consumption in each of these three
periods, we can rescale each by the ratio of consumption to income to convert these changes into
marginal propensities to consume (MPCs). These estimates are shown period-by-period in the left
panel of Figure 5 and cumulatively in the right panel of the same figure. In practice, we obtain
estimates of the elasticity parameters and MPCs, and their standard errors, using GMM, with two-
way clustering of our variance covariance matrices in the household dimension and separately in the

firm dimension.

Appendix K Notes on Welfare Calculations

K.1 Derivation of Equation (25)

We begin with equation (24) from Section 5.1:
T 1—y T ~1—y
t=1 1=7 =1 -7

Passing the expectations operator through the summation operator, and using the definitions of Cj

and Cj from Section 5.1, we have:

ZT: S0 N TE (G E (- B ()

T
D
t=1 1—y t=1 1—7

Subtracting the left-hand side from both sides, we have:

1y
0= ET: 6t]lz<ft) (1 ~(1+)N'"E (6(1—7)&&))

t=1 -
= (1 —(1+M"E <e<177)ﬂeet)> ET: 5tM 7

1—
t=1 v
. Al .
which, assuming C} 7 is on average nonzero, leaves us with:

1-(1+ N E (e“-v)ﬁeft) =0

= (14+N)"1=E (e(lfv)ﬂgst)

For the term on the right, recall that we have assumed that € is a normally distributed variable
and E (e) = 1, which means that ¢ ~ N'(—02/2,02). It then follows that:

(1 =7)Bee ~ N((v = 1)Be02/2, (v = 1)*B202)
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Thus, we have:

(1+ )\)7*1 —F (e(l_')’)ﬁaft)

2 2 4002
(v=1)B: F+(v-1)82 %

6(771)(6#(7*1)53)%3

Taking logs of both sides, we have:
2

DB+ (-0 5) 5
( _l)ﬁs)

(y=1log(1+A)=(y—

N‘mw

= log (1+ ) = (B +

Finally, if we use the approximation log (1 + A) =~ X , we have equation (25)

‘mm

A (B + (v —1)65)

Note, that since 5. = a E , the expression can also be written as
2

Ocy Ocy 2\ o
A [ — -1 | = =
(8575 +(’Y ) <8ct> 2
Note, when 8. = 1, the expression reduces to the Lucas (1987) result

2
O¢

)\:77

As we can see, A is increasing in Ug and increasing in . Finally, we have

2|,

oA
sr = (1+2(- 18

When v > 1, A is unambiguously increasing in f;
Note, when v = 1, utility takes a log functional form, but equation (25) still holds. Equation (24)

is now:

T
(Z&tlog 14+X)C ) =E (Zétlog Ct>

t=1

Simplifying, we have:
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E (tz: 5t (1og (14 ) +log (C) + log (&aﬂ))) —E (tz: 5" log (@)

T
t1o = - 'E (log (eP=ct
=3 6t log (1+4) tzlana(lg( ))

t=1

T
= =) O'E (B.er)
t=1

T 2
Z g
t=1

=log(1+X) =0

) ‘mqw

Once again, using the approximation log (1 + A) ~ A, we have:

) ‘mqw

A~ B

)

which is the same as equation (25), when v = 1.

K.2 Welfare Analysis with a Dynamic Consumption Response

We can extend the calculations in Appendix K.1 to account for a consumption function that includes
more general responses to lagged transitory shocks, as in Appendix J. We maintain the same income
process as in equation (20), and consider a generalization of the dynamic consumption function in

equation (J.1):

Acy = A& (T'y, 24, G) + Beoet + Pe166—1 + Pe2et—2 + Pe3et-3
ﬁe,B = - (56,0 + 65,1 + 65,2)

which in turn implies that the log of consumption is:

_ ey Ocy ey
— F a_ a9, ct—
et = & (Ty, 2, Ce) + 8st€t + agt_lgt Lt Oet—o

where we recall that, as detailed in Appendix J:

Et—2,

Be,0 if k=0

dcy ) Beo+Ben if k=1
Otk | Boo+fen+Ben if k=2
0 otherwise

For convenience, we assume that lagged shocks, €9 and €_1 are drawn, even though consumption and

income are not realized in those periods.!? Once again, the constraint that Besz = — (Beo+ Beq + Be2)

11 Alternatively, we can assume that lagged shocks are missing from the expressions for ¢; and c2, which results in a
slight approximation error in the derivations below.
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confines the consumption response to transitory shocks to three periods.

We can now write the level of consumption as:

Ocy.
Ettgt—¢€ +5——et—
Ct — ectec’)et et Bst 1ot Bet 2 Et—2

dcy dcy dcy
= Che%t St ge 1ttt og, 512

As in equation (24), we have an implicit definition of Agynamic:

E (i 5t((1 + Adynamic)Ct)l_’y> =F (i 5tc~’7t17>
t=1

1—7 P 1—7

Using a set of steps very similar to those in Appendix K.1, we arrive at the following expression:'?

Naynaic = (Be0 + (Beo + Be1) + (Bo0 + Bot + Be2)

_'_( )(BEO_'—(/BEO—’_/BEI + BsO""ﬂsl"‘ﬂsQ) )
_ (0 Oa . O act act 2 AL V)2 (K2
861} 861571 (96,572 66,5,1 851572 2

_ i act _ 1) 8ct 2 é
Oct—j Ogi—j 2

J=

K.3 Incorporating Predictable Fluctuations in Income

Above we derived an expression for welfare gain when eliminating variation driven by unpredictable
and transitory shocks to income. It may be of interest to expand the types of variation included in this
calculation, for example, if liquidity constraints prevent households from completely smoothing even
predictable shocks. The two main sources of predictable income that we account for in our method are
changes due to seasonal variation in income and changes due to the number of paychecks in a month.
We show in this appendix how one might incorporate these two sources of variation, beginning with
number of paychecks. In that case, we also quantity the welfare gains of additionally eliminating this
source of variation. We then show how one might also separately account for seasonal variation, but
leave quantification of that additional component for future work.

To begin, we highlight these two sources of arguably predictable variation by decomposing the

term T'y:

[y =mi+gf (K.3)

where my, as in Appendix B.2, is the log of the number of paychecks in a month and ¢} is a seasonal
shock to income. We then extend the log consumption function to be linear in the log of number of

paychecks:

12As in Appendix K.1 , this expression holds both for v > 1 and the case where v = 1, that is, log utility.
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=& (Tt 24, Ct) + Beet

(K.4)
= & (21,6f,Ct) + Bmmi + Beey
This results in an modified expression for the level of consumption:
C, = o0t (2665 Gt ) +Bmmi+Beer
(K.5)

_ ey e

where Cy = e and M; is the number of paychecks. Similar to our exercise above, we eliminate
the variation driven by unpredictable transitory shocks by setting €; = 0, which preserves the mean
of income. Likewise, we substitute M; with the average number of paychecks per month, E (M),
which also preserve the mean of income. For now, we still allow seasonal variation due to £f to
remain. Finally, we ask what increase in consumption is equivalent to the elimination of both the
unpredictable transitory shocks and variation due to number of paychecks. In the case where v > 1,

we have:

( tIE (Mt)ﬂm)

<Z5t(l+A ) Zét

We can solve for A\, using steps similar to those in Appendix K.1. First, we must make an

additional orthogonality assumption:

my L (Ztagtvgfa Ct)

Passing the expectations operator through the summation operator, and, using the definitions of

Cj from equation (K.5), we have:

T (]_—F)\m)l—"/]E CINE (M 8m ) B (o(1=7)Bz T E(c ]E(M)(l_ﬂ,)gm
;575 (t )1E’yt ) (e ):;‘St (t )1_71‘/

- (1_|_)\m)1—7]E (Mt(l—w)ﬁm) ( (1—~ ﬁast> iét][g< 1—7) (1 . Zét (él—W)

t=1
= (14 A) B (M) E (0 Weet) E (M;)1=")8m

2
9¢

= (14 ) 7 E (Mt(lf'v)ﬂm) (D (Ber(=1082)F — [ (pg,) 1B

)

where in the last line, we made use of the fact that e; is distributed A/ (—02/ 2, Ug). Taking logs of

both sides, we have:
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(1—7)log (1 + Ap) +log E (Mt(l‘”)ﬁm) iy —1) (B + (7 1) 82) Z = log E (M) 1= Bm

:>10g(1—i-/\m)—|—1

Brm (1=)Bm
:>log(1+/\m)+mloglE(Mt V)~ (B + (= 1) 82)

iv log E ("% ) — (8. + (- 1) 82) log E (M) ~)Pm

1 _
= logE (M) 1=7)m

1

= log (14 Am) + B log (IE (Mt“‘”)ﬂ’”) T=7)8m = B log E (M)

w‘(ﬁw w‘mqw [\J‘mqw w‘mw

)= (et (-1 )
After gathering terms, we can show:

2 1
log (14 Am) = (B + (y— 1) 52) ”2—5 + Bim <log]E (M) — log <]E (Mt“*”)ﬁ’”) “”)’%))

And finally, using an approximation for log (1 4+ A, ), we have:

2 S N
Am = (Be + (v = 1) 52) % + Brm <log]E (M;) —log <]E (Mt“*v)Bm) =B ))

In the case where v = 1, i.e. log utility, we start again with:

T

Zét [log((1 4+ A\n)Cy)] Zét (log (C’t]E (Mt)ﬁm))

t=1

Substituting for Cy using equation (K.5), expanding the log of products, and passing through the
expectation function, we have:

T
Zdt (log (14 Am) + E (log Cy) + E (Bm log My) + E (Beet)) Zat (log Ct) + Bm log (E (My)))
t=1

2

= 10g (1 4 Am) + BmlE (log M) — B 2=

% = B log (E (M)

o8 14+ ) = 5. %2 + i (0 (E (M) ~ E (1o M)

Again approximating log (1 4+ Ay, ), and combining with the case of v > 1 above, we have:

B-% + B (log (E (M) — E (log My)) o=
Am = (K.6)
(ﬂ8+(7_1)ﬁg)§+6m (log]E(Mt)—log (IE (Mt( )BM) a- 'YBm)) if y>1

Relative to the case in Section 5, there is an additional term that captures the consumption

equivalent of replacing a variable number of paychecks with the mean number of paychecks per month.
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To calculate expectations over the distribution of M;, we use the discrete, empirical distribution of
M, from Table H-1. The expression also requires an estimate of §,,: the elasticity of consumption
with respect to predictable changes in number of paychecks per month. We detail below in Appendix
K.4 how to estimate this term. The welfare expression is increasing in this elasticity.

We can, in addition, amend our extended welfare calculation to accommodate a dynamic response
to shocks, as in Appendix K.2. We extend the consumption function in (K.1) to include responses to

predictable variation in income, including, potentially, lags of seasonal variation:

Acy = A& (zt,€7,6( 1,6 9,613,Ct) + Bm (Mg —my_1)
+ Be,06t + Be,16t—1 + Be26t—2 + Be 3613
ﬁs,S = - (55,0 + 65,1 + 6&,2)

This implies the following expression for the log of consumption:

=70 (Zt’ ‘5?7 5?—17 gtg—Za 5?—37 Ct) + By

+ Beoet + (Beo + Be1) et—1+ (Be,0 + Bet + Be2) €t—2,

=& (Ztvggvsf—hef—%ef—fiaCt) + Bmmy (K7)
+ @6 + oc €t—1 + de €
aEt t 8€t_1 t—1 aEt_Q t—2,

and a related expression for the level of consumption:

Oc_ dc dc
C, = C"vtMtﬁmeﬁst 8t+65t_1 Et*1+85t_2 Et—2

We can now solve for Ay, dynamic, i-. the gain in welfare from eliminating unpredictable transitory

shocks and variability in the number of paychecks per month in our more dynamic setting:

1—y

T - T Brm

E Z st ((1 + /\m,dynamic)ct)1 v - Z 5t (Ct]E (Mt) )
t=1 1=~ = L=y

Following a series of steps similar to those used above to derive equations (K.2) and (K.6), we

arrive at the following expression for Ay, dynamic:

& ey o2
Z(a : ;) + B (log (IE (My)) — E (log My)) iy =1
j=0 NOEt
A, dynamic = i dey N ( B 1) Ay 2 1? (K.8)
j Oet—j K Ogi_j 2 .
= it y>1
1
+ Bm (1OgIE (My) —log (IE (Mt(lﬂ)ﬂm) T—Bm >>

We can, in principle, extend this analysis even further to also calculate the welfare gain of elim-

A-56



inating predictable, transitory variability due to seasonality. However, we leave for future work an
analysis of a sufficient set of assumptions that allow for a welfare calculation that also considers

seasonal variation in income.

K.4 Estimation of Welfare Calculation Inputs

A number of parameters are needed as inputs for our welfare calculations in Tables 2 and K-1. First,
equation (25) requires an estimate of the variance of unpredictable shocks, including not only the firm

component, but also the worker component of ;. We use the following:

~2 — p D
gE,Worker = COV<Ayt ) 7Ayt+l>

In this case, to isolate unpredictable shocks, we use seasonally adjusted pay per paycheck. The key

here is that instead of a coworker instrument, we use the worker’s own lead of income growth.
Equations (K.6) and (K.8) require the additional input f,,, the response of consumption to changes

in the number of paychecks. Starting with our generalized income process in equation (20) and noting

our decomposition in equation (K.3), we have:

yr =T+ 2 + &4

=zt +ert+ef +my

We can recover our parameter of interest using the following:

cov (ACt, —Amt+1)

BmE

cov (Ayt, —Amii1)
_ _cov (A& + Be (e — 1) + B (Mg —my—1) , —myy1 +my)
cov (77t+1 +ep—ep1 el —gf_ +my —my_1, —myg1 + mt)

_ ﬁmo'?n
o
= Bm
where o2, is the variance of the log of the number of paychecks in a month, and ¢; is defined as

in equation (K.4). This identification result continues to hold in the case of our dynamic model of
consumption in equation (K.7).

Table K-1 reports our estimated welfare gain from eliminating part of the variation in income.
In the first two rows, we repeat our calculations from Table 2, which only feature an elimination of
variation due to unpredictable transitory shocks. The next two rows calculate the additional gain of

also removing the variability of the number of paychecks per month.
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Table K-1: Welfare Gain of Eliminating Transitory Shocks Including Paycheck Variation

Consumption equivalent

of paycheck frequency variation Welfare gain: X
Elasticity Elasticity
of consumption to of consumption to
transitory shocks: Transitory pay frequency Cocfficient of relative risk aversion: Cocfficient, of relative risk
de/ 0=y de/ ey de/ 4o variance: 0:3 shocks: 3, y=1 ¥= y=3 y=4 ¥= =2 ¥y=3
Unpredictable Shocks
Monthly 0.22 - - 0.05 - - - - - 055%  0.67%  0.79%  0.91%
Quarterly (Dynamic) 0.22 0.12 0.08 0.05 - - - - - 1.05%  1.23%  1.40%  1.57%
Unpredictable/Predictable Mix
Monthly 0.22 - - 0.05 0.12 0.96%  1.08%  1.20% 1.32% 1.51% 1.75%  1.99%  2.23%
Quarterly (Dynamic) 0.22 0.12 0.08 0.05 0.12 0.96%  1.08%  1.20% 1.32% 2.01% 231% 2.60% 2.89%

Notes: This table shows the welfare gains from eliminating unpredictable transitory shocks (first two rows) as well
as from a mix of unpredictable and predictable transitory shocks, including predictable variation in the number of
paychecks (second two rows). The welfare gains are computed both in our preferred specification, as well as in its
dynamic extension. The table displays all the necessary inputs to compute the structural welfare gains.

K.5 Structural Model

The advantage of our statistical model in Section 5 is that it only requires estimates of the consumption
elasticity and transitory income volatility to summarize welfare costs. We now turn to estimating a
structural, life-cycle model of consumption and saving, which, among other things, allows households
to fully reoptimize under different volatility scenarios and incorporates wealth into the consumption
decision. This has several advantages, including capturing a broader measure of welfare and tying
more directly into our discussion of liquid assets and consumption smoothing. To demonstrate the
welfare implications of volatility we build a model that can match the elasticities we observe in our
data. Within this model, we can then shut off transitory income volatility and calculate the expected
lifetime welfare improvement for each agent. We find that the type of volatility we observe in our
data is economically significant.

We consider a two-asset, discrete time, life-cycle model—a simplified version of Kaplan and Vi-
olante (2014). Each period represents a month, matching the frequency of our empirical analysis.
Households work until period T¢;. The probability of surviving until period ¢ is A;. No households
survive beyond period T'. Households choose consumption, Cy, to maximize time-separable expected

utility:

T
Eo | A" u(Cy) (K.9)
t=1

where § is the per-period discount factor and utility takes a CRRA form: u(Cy) = CF:J. The
parameter «y captures risk aversion and intertemporal substitution preferences. The expectation is
taken over permanent and transitory shocks to income.

While working, log income in period t, y¢, is a generalization of the income process in equation

(20):

=Ti+z+e
Yt t t t (K.IO)

2 = pzi—1 + Oy

where T’y is a predictable, life-cycle growth parameter. The transitory shock, €¢, is a normal random

variable with variance . and mean —o0?2/2, so that [E[e°] = 1. The permanent component, 2, follows
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an auto-regressive process, with an AR(1) coefficient of p. The permanent shock, 7, is likewise a

2
n

variable equaling one with probability m,, governs the arrival rate of the permanent shock. Upon

normal random variable with variance o> and mean 70,27/ 2. The parameter 6;, a Bernoulli random
reaching retirement age, T).¢;, households receive a stream of Social Security payments, which are a
fixed percentage of permanent income just prior to retirement. There is no income uncertainty during
retirement.

The household may save liquid assets in each period, A;, which earn a gross return R at the
beginning of the next period. Alternatively, they can make a deposit or withdrawal, D;, using an
illiquid asset, which requires an adjustment cost of K dollars. Each period, a gross return of Ry is
earned on the balance of the illiquid asset, B;. As in Kaplan and Violante (2022), we assume that
households cannot borrow. The state variables at the beginning of each period are cash on hand,
M, the pre-decision balance of the illiquid account, Ny, and the level of permanent income, P;. The

transition equations and constraints on decision and state variables are summarized as follows:

My = RA;1+ Y,

Ay =M, —Cy— Dy — K -1{D; # 0}

Ny = RnDBi

B; = N, + Dy (K.11)
Cy>0

Ay >0

B >0

We solve the model by adapting the Nested Endogenous Grid Method (NEGM) of Druedahl (2021),
which accounts for non-convexities that arise in the presence of the illiquid account.'® In practice,
we normalize all variables by permanent income, z; = X;/P,. With a unit root income process, this
would reduce the dimensionality of the problem by one. However, because we have a more general
AR(1) process, we must retain P; as a state variable. Nevertheless, this normalization allows the grid
points used in solving the model to flexibly adjust with changes in the state variable P;.'

We calibrate several input parameters based on representative survey data and prior literature.
Our life-cycle growth parameters, I't, are chosen to match age gradients in median income from the
CPS, and are also set so that the steady-state mean of our income process matches mean monthly
income at age 35, $4,242.1% We set our survival probabilities using mortality tables from the Centers
for Disease Control and Prevention (CDC)'®. The model begins at age 25, and people live at most
until age 85. We set the Social Security replacement rate in retirement to 45 percent, which matches
average replacement rates (Mitchell and Phillips 2006). The retirement age is set to 62, matching the
median age of retirement (Biggs and Springstead 2008). Following Kaplan and Violante (2022), we

13In practice, we solve this model using the EconModel and ConSav Python libraries developed by Jeppe Druedhal
and available on GitHub at https://github.com/NumEconCopenhagen.

14 Additional details on solving the model with normalized variables are available upon request.

15We use the CPS ASEC and Unbanked/Underbanked supplement from 2017 to 2023 (US Census Bureau 2017-2023;
US Census Bureau and FDIC 2017-2023) We focus on respondents aged 25 to 75. Our life-cycle growth parameters are
inflation-adjusted to 2023 dollars using the CPI (Bureau of Labor Statistics 2016-2023).

16We use the CDC Underlying Cause of Death table, with data from 1999 to 2019 (CDC, National Center for Health
Statistics 1999-2019), and focus on individuals aged 25 to 85.
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set gross returns on assets such that they match annualized values of R = 0.98 and Ry = 1.062, and
we set our transaction cost to K = $1,400.17 We set our CRRA parameter to v = 1, which results in
a log utility functional form.

We set the variance of transitory income shocks to match our estimate of 0.05 in Table 2. We
set m, = 1/12, so that permanent shocks arrive on average once per year, as in Kaplan and Violante
(2022). Finally, we calibrate the remaining parameters of the AR(1) process for permanent income—
p = 0.982 and cr% = 0.220—to match two higher order moments of annual income, as in Kaplan and
Violante (2022): var(y;) = 0.504 and var(Ay;) = 0.142. These moments are matched conditional on
our parameters for the transitory shock and arrival rate m,. Table K-2 reports the input parameters
for the structural model.

Once our model is solved, we simulate 10,000 households at a monthly frequency, from age 25 to 85.
We then draw from the steady-state age distribution and calculate various simulated moments. We
choose our monthly discount factor, d, so that an elasticity estimated using our simulated data matches
our main estimate of the elasticity of consumption with respect to transitory shocks: 5. = 0.221. We
achieve an elasticity of 0.222. Although the elasticity is generally declining in the discount factor
over long ranges, there are multiple elasticities in a narrow band that can match this moment. We
therefore choose a relatively high discount factor among this set, which helps in matching the wealth
moments discussed below. This results in a monthly value of § &~ 0.990, or at an annualized frequency,
0.888.

Table K-3 reports additional simulated moments, again averaged over the steady-state age distri-
bution. As is the case in the data, the model generates a significant gradient in the elasticity when
moving from the lowest to highest asset buffer quartiles, albeit at an even steeper slope than in the
data. The monthly MPC implied by the model is comparable to that in the data, while the quarterly
MPC is somewhat larger than its empirical counterpart. The model comes close to matching the over-
all share of households that are hand-to-mouth, although the makeup of this group is slightly skewed
toward the “poor” hand-to-mouth, relative to the data. Following Kaplan and Violante (2022), we
define a hand-to-mouth household as one that has less than two months of income in liquid assets.
We have a reasonable good fit on the ratio of median total wealth to mean income, 2.06 in the model
versus 2.03 in the SCF.'® On the other hand, the ratio of mean total wealth to mean income is signifi-
cantly higher in our model. The remainder of the moments show that our model cannot fully account
for the right tail of the liquid and illiquid asset distributions, although it is able to fit the bottom end
of the liquid asset distribution.

At the bottom of Table K-3, we report the welfare gain from eliminating transitory income shocks.
We solve the model twice, with our baseline inputs and again with the variance of transitory shocks
set to zero. In each case, we calculate the certainty equivalent of the value function at period zero.

The certainty equivalent increases by 0.413 percent when transitory shocks are shut off.

7Qur transaction cost is rounded down from the $1,456.80 in Kaplan and Violante (2022)
18We use the 2019 SCF (Board of Governors of the Federal Reserve System 2019), focusing on banked households.
We further trim the data of the top five percent of net worth households, following Kaplan and Violante (2022).
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Table K-2: Structural Model Parameters

Parameter Value Source

Coefficient of relative risk aversion: ~y 1.0 N/A

Monthly discount factor: ¢ 0.990 Calibrated to match Elasticity and Wealth to Income Ratio
Monthly persistence of permanent shocks: p 0.982 Calibrated to Kaplan and Violante (2022)

Monthly variance of permanent shocks: 0727 0.220 Calibrated to Kaplan and Violante (2022)

Arrival rate of permanent shocks: 1/12 Kaplan and Violante (2022)

Monthly variance of transitory shocks: o2 0.0493 Estimated from Data

Annualized gross liquid return: R 0.980 Kaplan and Violante (2022)

Annualized gross illiquid return: Ry 1.062 Kaplan and Violante (2022)

Illiquid account adjustment cost: K 1,400 Kaplan and Violante (2022)

Social Security replacement rate 0.45 Mitchell and Phillips (2006)

Retirement age: T 62 Biggs and Springstead (2008)

Maximum age: T' 85 N/A

Mean income at 35 4,242 US Census Bureau (2017-2023); US Census Bureau and FDIC (2017-2023)

Lifecycle income growth: T’y

25 to 35 7.09%
35 to 45 2.25%
45 to 55 -2.07%
55 to 61 -13.1%
61 to 62 -55.9%
63 to 85 0.00%
Survival Probabilities: A
Pr(Live to 35) 98.9%
Pr(Live to 45) 97.0%
Pr(Live to 55) 93.1%
Pr(Live to 65) 84.9%
Pr(Live to 75) 69.2%

US Census Bureau (2017-2023); US Census Bureau and FDIC (2017-2023)
Mitchell and Phillips (2006); Biggs and Springstead (2008)

CDC, National Center for Health Statistics (1999-2019)

Notes: This table reports the inputs for the the structural model in Appendix K.5 and their respective sources. The

illiquid adjustment cost from Kaplan and Violante (2022) is rounded down.



Table K-3: Structural Model Results

Data/Literature  Model

A. Target moments

Average elasticity: [ 0.221 0.22
B. Non-Target Moments

Pct. Change in elasticity b/w Top and Bottom asset Quartile -76.5% -95.8%
Per-Period MPC 0.1 0.103
Quarterly MPC 0.2 0.258
Share HtM 0.41 0.358
Share PHtM 0.14 0.21
Total Asset to Income Ratio (mean) 4.98 7.82
Total Asset to Income Ratio (median) 2.03 2.06
Liquid Asset to Income Ratio (mean) 0.689 1.28
Liquid Asset to Income Ratio (median) 0.0687 0.844
Share with Liquid Assets <$1K 31.5 27.6
Share with Liquid Assets <$5K 51.3 68.5
Share with Liquid Assets <$10K 60.0 87.6
Share with Total Assets <$1K 14.1 21.6
Share with Total Assets <$5K 17.7 44.4
Share with Total Assets <$10K 21.6 52.1
Share with Total Assets <$50K 33.9 79.2
Share with Total Assets <$100K 44.0 92.2

C. Welfare gain from eliminating transitory income shocks

Average gain (consumption equivalent): 0.413%

Notes: This table reports simulated moments from the model in Appendix K.5. Panel A shows the target
moments from the data, which we use to calibrate the monthly discount factor. Panel B shows a selection of
non-targeted moments. Elasticity/MPC estimates are from our data, values for hand-to-mouth households
are from Kaplan and Violante (2022), and information on asset distributions and ratios are from the 2019
SCF (Board of Governors of the Federal Reserve System 2019). The definition of liquid assets follows Kaplan
and Violante (2014), who subtract credit card debt from assets held in checking and savings accounts. Panel
C shows the results from eliminating temporary income volatility and calculating the welfare gain in lifetime
consumption equivalents. All simulated moments are averaged over the steady-state age distribution. All
numbers are rounded to three significant digits.

A-62



	Introduction
	Research Design
	Environment and Object of Interest
	Estimators: Ideal Experiment and Prior Literature
	An Event Study Approach to Assessing the Credibility of Covariance Restrictions 
	Intuition for Covariance Restrictions via a Mixture of RCTs
	Isolating Plausibly Exogenous Income Shocks

	Data
	Results
	First Stage Estimate and Sources of Variation
	Diagnostic Tests Using Pre-and Post-Event Trends in Income and Consumption
	Causal Impact of Income on Consumption
	Consumption Smoothing by Liquid Assets
	Consumption Smoothing for Alternative Broader Instrument Definitions and the Role of Predictability

	Welfare Costs of Volatility
	Framework for Calculating Welfare Cost of Income Volatility
	Welfare Cost Estimates
	Implications for Near-Rational Interpretations of Consumption Sensitivity

	Conclusion
	Appendix Appendix Figures and Tables
	Appendix Generalizing the Income Process
	Firm-Specific Annual Seasonality
	Spurious Correlation in Pay Frequency
	Less-Than-Full Persistence in the Permanent Shock
	Serial Correlation in the Transitory Shock

	Appendix Proofs
	Appendix Ordinary Least Squares
	Appendix Testable Predictions for a Continuous Instrument
	Appendix Sample Restrictions
	Appendix Sources of Variation
	Appendix Simulating an Income Process
	Appendix MPC Scaling Factor to Match NIPA Benchmarks
	Appendix Estimating a Dynamic Consumption Response
	Appendix Notes on Welfare Calculations
	Derivation of Equation (25)
	Welfare Analysis with a Dynamic Consumption Response
	Incorporating Predictable Fluctuations in Income
	Estimation of Welfare Calculation Inputs
	Structural Model


