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Abstract

How much of the heterogeneity in marginal propensities to consume (MPCs) reflects
transitory financial circumstances versus persistent behavioral traits? We address this ques-
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ment arrival—and traditional post-payment MPCs. Using high-frequency transaction data,
we leverage multiple pre-announced income changes per person across a range of fiscal
policies. We find a robust positive correlation between pre- and post-payment responses,
which exhibits substantially higher within-person persistence than predicted by canonical
models with liquidity constraints. Building on this evidence, we use k-means clustering
to classify individuals into four distinct types: Active Savers (43%), Passive Savers (23%),
Active Spenders (9%), and Passive Spenders (25%). By examining auxiliary dimensions such
as liquidity, payment size, and event salience, we map these empirical types to established
consumption models such as rational consumption smoothing, inattention, mental account-
ing, and present bias. Our findings suggest that persistent behavioral traits are important
drivers of consumption dynamics and help explain the empirical attenuation of forward
guidance.
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1 Introduction
Heterogeneity in marginal propensities to consume (MPCs) is central to modern macroeco-

nomics. It determines the transmission of fiscal transfers, governs monetary policy potency

in heterogeneous-agent (HANK) models, and serves as a sufficient statistic for the welfare effects

of stabilization (Kaplan and Violante, 2014; Auclert, 2019). While a large empirical literature con-

firms that MPCs vary substantially across individuals (Jappelli and Pistaferri, 2010; Havranek

and Sokolova, 2020), standard financial observables such as income and liquid wealth leave most

of this variation unexplained (Kaplan and Violante, 2022).

This residual variation raises a fundamental question: are individuals’ consumption re-

sponses driven by transitory economic circumstances or persistent behavioral traits? In canonical

models, high MPCs arise from temporary binding liquidity constraints due to negative income

shocks (Zeldes, 1989; Deaton, 1991). In this “circumstance-based” view, the population of high-

MPC agents shifts with the business cycle, rendering fiscal multipliers state-dependent and pol-

icy impacts less predictable. Alternatively, if high MPCs reflect “spender-saver” traits (Campbell

and Mankiw, 1989), consumption responses are more stable across environments, expectation

management is less powerful, and policy effectiveness depends more on features like salience

and payment size than on the timing of cash flows. Distinguishing between these mechanisms

requires a source of variation that complements the static financial snapshots used in previous

research, such as income, liquidity, or credit access.

This paper introduces a new diagnostic for consumption dynamics: the pre-payment MPC
(pre-MPC). We define the pre-MPC as the spending response in the week immediately preced-

ing a predictable income change. While the literature typically focuses on post-MPCs (excess

spending after income arrives), canonical models impose sharp restrictions on both. In standard

buffer-stock models, unconstrained consumers smooth consumption by responding when they

learn of future income, while constrained consumers respond only upon arrival. Theoretically,

the sets of ”anticipatory spenders” and ”post-payment spenders” should be distinct. By estimat-

ing pre- and post-MPCs together, we can quantify the extent to which standard models explain

observed dynamics and, crucially, use the joint distribution to classify individuals into behavioral

types where they cannot.

Identifying pre-MPCs is empirically demanding: it requires high-frequency data to capture

brief anticipatory windows and large samples to detect the relatively small spending changes

predicted by consumption smoothing in canonical models. We utilize transaction-level data for

over 50,000 U.S. individuals from 2012 to 2023, leveraging a suite of exogenous, pre-announced

income increases, including COVID-19 stimulus rounds, Child Tax Credit expansions, Alaska

Permanent Fund Dividends, and state and federal tax refunds. These events vary in frequency,

size, and salience, allowing us to disentangle liquidity from behavioral effects. Most importantly,

our panel allows us to observe the same individual across multiple events, a feature essential for

separating persistent consumer traits from transitory financial shocks. We validate our data by

replicating the post-MPC estimates of five major prior studies that utilized different data sources

for these same events.
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Utilizing this panel, we establish two main findings. First, we document that heterogeneity in

both pre- and post-MPCs is pervasive, but that single-event MPCs mix persistent heterogeneity

with substantial event-level consumption noise. While high-frequency transaction data minimize

the measurement error common in expenditure surveys (Baker and Kueng, 2022), they do not

eliminate idiosyncratic consumption movements unrelated to income, such as emergency repairs

or one-off purchases. We use repeated income events per person to separate these components.

Among consumers observed in at least ten income events, the standard deviation of one-month

post-MPCs falls from 79% for a single event to 30% after averaging over ten events, yet it remains

well above the homogeneous-consumer benchmark. A simple variance decomposition implies

that the persistent component has a standard deviation of 18%, while the event-level noise com-

ponent has a standard deviation of 76%. Hence, most of the dispersion in single-event MPCs

is noise that averages out, but a substantial residual remains. This residual dispersion is the

signal we use to classify consumers into persistent types. This persistence suggests that person-

level differences, rather than purely random shocks, drive a significant portion of the observed

variation in consumption responses.

Second, we analyze the joint distribution of pre- and post-MPCs, providing a sharp test of

canonical theory. Standard models – including the permanent-income hypothesis and buffer-

stock frameworks – predict a negative correlation between these two measures: unconstrained

smoothers should exhibit small, positive pre- and post-MPCs, while constrained agents should

show a zero pre-MPC followed by a large post-MPC. Contradicting this benchmark, we find a

robust and significant positive relationship. On average, consumers who increase spending in

anticipation of a transfer also spend most heavily upon its arrival.

Moreover, these behaviors are persistent: an individual’s pre-MPC and post-MPC for one

event predicts their responses surrounding the next, even after conditioning on income and liquid

assets. In the cross-section, high liquidity produces the standard association with low MPCs, but

this relationship decays considerably when including individual-specific fixed effects and relying

on variation within individual across events. Together, these patterns suggest that persistent

behavioral “consumer types,” rather than transitory liquidity positions, are the primary drivers

of consumption dynamics.

Motivated by this evidence of persistent individual dynamics, we use the joint distribution of

pre- and post-MPCs to group individuals into four distinct consumer types. While the pioneer-

ing work of Campbell and Mankiw (1989) and Mankiw (2000) uses a one-dimensional “spender-

saver” split to describe post-MPCs, our two-dimensional approach reveals critical heterogeneity

within those groups. We identify: (i) Active Savers (43% of the sample), who exhibit small, sym-

metric responses consistent with rational smoothing; (ii) Passive Savers (23%), who are largely

unresponsive to all but the most salient events; (iii) Passive Spenders (25%), who exhibit high sen-

sitivity only upon arrival, tracking the classic hand-to-mouth rule; and (iv) Active Spenders (9%),

who spend both in anticipation and upon receipt. We use three different tests to demonstrate

that these classifications contain a persistent component. First, among consumers with at least

five events, the share of a consumer’s events assigned to their own modal type is higher than a
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random benchmark. Second, event-to-event type transitions exhibit above-chance persistence for

every type. Third, in a fully out-of-sample test, a user’s spending response around regular pay-

check receipts places a user within their own measured type more often that would be expected

under a random null. This stability reinforces the conclusion that persistent behavioral traits,

rather than fluctuating liquidity positions, are the primary drivers of MPC heterogeneity.

We then map these empirical types to established consumption models by examining aux-

iliary dimensions not targeted by the clustering algorithm, such as liquidity, income, average

propensity to consume (APC), transfer size, and event salience. We find that while Active and

Passive Savers share similar high-liquidity profiles, they differ sharply in their attention to news:

Active Savers pull spending forward specifically for salient events, behaving as rational uncon-
strained agents, whereas Passive Savers appear inattentive or near-rational (Akerlof and Yellen,

1985). Similarly, both spender types exhibit low liquidity and frequent overdrafts, but their antici-

patory behavior distinguishes them. Active Spenders behave like present-biased consumers (Laibson,

1997), impatiently pulling spending forward and continuing to spend when the cash arrives. In

contrast, Passive Spenders appear to follow mental accounting rules (Thaler, 1985), remaining unre-

sponsive to upcoming payments even when they have the financial capacity to spend, exhibiting

a behavioral reluctance to consume before income is ‘in hand.’

Heterogeneity in MPCs driven by consumer types has direct, first-order implications for

macroeconomic modeling. Current HANK models typically generate MPC heterogeneity through

a single channel: the endogenous distribution of liquid wealth (Kaplan et al., 2018; McKay and

Wolf, 2023; Auclert et al., 2025). Our results suggest that while liquidity is an essential constraint,

it does not fully describe consumer behavior. The positive within-person correlation between

pre- and post-MPCs, together with the existence of distinct behavioral types within identical

liquidity groups, indicates that next-generation models should incorporate ex-ante behavioral

heterogeneity alongside standard ex-post heterogeneity from endogenous asset positions. Specif-

ically, variation in discount factors, attention, or mental accounting rules is required to match the

observed two-dimensional joint distribution of spending dynamics. The population shares, com-

bined with the persistence of the classification of individual consumers into behavioral types

we document, provide an empirical benchmark to discipline the calibration of these behavioral

macro frameworks (Farhi and Werning, 2019; Gabaix, 2019; Pfäuti and Seyrich, 2026).

For example, this behavioral taxonomy provides a direct micro-foundation for the forward
guidance puzzle: the stark empirical disconnect between the powerful aggregate demand effects

of future-dated policies predicted by canonical theory and the more modest responses observed

in practice (Carlstrom et al., 2015; Kiley, 2016; McKay et al., 2016; Del Negro et al., 2023). Our

classification reveals the mechanism driving this attenuation: roughly 25% of individuals behave

as ‘mental accountants’ who exhibit a behavioral reluctance to pull spending forward despite

having the financial capacity to do so, while an additional 23% are largely inattentive to upcom-

ing policy events. Consequently, while we detect anticipatory responses across all income events

that are sizable when viewed through the lens of unconstrained rational benchmarks such as

the PIH, the aggregate pre-payment effects are macroeconomically small – typically an order of
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magnitude smaller than traditional post-MPCs. While these estimates of anticipatory spending

responses may represent a lower bound due to the inherent difficulty of pinning down exact

announcement dates and heterogeneity in consumers’ policy awareness, their small aggregate

magnitude suggests they contribute negligibly to aggregate demand. For policy design, this

implies that neglecting the pre-announced nature of fiscal stimulus introduces only minimal

downward bias when evaluating total aggregate demand effects.

Distinguishing between these underlying mechanisms is not merely a classification exercise; it

fundamentally alters the optimal design, distributional consequences, and welfare implications of

fiscal and monetary stabilization policies. If MPC heterogeneity were purely circumstance-based,

the population of high-MPC agents would shift mechanically with transitory shocks and busi-

ness cycle fluctuations. However, as mentioned above, we find that event-level type assignments

are persistently above chance and that deviations are structured along the active–passive margin

within the spender and saver families rather than across the spender–saver divide. Decomposing

these persistent behavioral traits is in turn crucial for policy targeting. For instance, incorporat-

ing present bias into an otherwise standard HANK model amplifies both fiscal and monetary

policy shocks substantially (Lee and Maxted, 2023; Maxted et al., 2025), whereas the presence

of fixed mental accountants dampens the effectiveness of expectation management (Lian, 2019,

2023). More generally, identifying these specific behavioral frictions is essential in an environ-

ment where financial decisions are increasingly self-directed. Households today directly manage

complex retirement portfolios, navigate tax credit schedules, and utilize FinTech products. Het-

erogeneity in discount factors, attention, and mental accounting rules therefore has profound

implications for how households respond to these policies – implications that remain hidden in

models focusing solely on liquid assets or income.

Literature.— This paper contributes to three strands of literature. First, we extend the literature

estimating consumption responses to unanticipated (Hall and Mishkin, 1982; Blundell et al., 2008)

and predictable income changes (Altonji and Siow, 1987; Johnson et al., 2006), as well as the more

recent work documenting their wide distribution (Misra and Surico, 2014; Lewis et al., 2026;

Boehm et al., 2025).1 While prior work often focuses on single events, our multi-event approach

allows us to document how responses vary across a wide range of policy environments within

the same individual.2

Second, we provide evidence on anticipatory spending, relating to the classic “excess smooth-

ness” literature which documented that aggregate consumption responds too little to new infor-

mation about future income (Deaton, 1986; Campbell and Deaton, 1989).3 While survey-based

1More recent studies of post-MPCs include Fagereng et al. 2021; Ganong et al. 2025 for unanticipated
shocks and Andreolli and Surico 2021; Crawley and Kuchler 2023; Commault 2024; Koşar et al. 2024 for
anticipated income changes.

2We also find that spending responses to regular paychecks yield qualitatively similar but quantita-
tively larger pre- and post-MPCs, consistent with prior research (Olafsson and Pagel, 2018; Gelman, 2022).
However, as documented by Gelman et al. (2014), Baker and Yannelis (2017), and Gelman et al. (2020,
2022), these large MPCs often reflect the timing of regular bill payments rather than consumption. The in-
come payments studied in this paper are less frequent and do not lend themselves to this type of liquidity
management.

3Early tests of anticipation effects using aggregate time-series data include Blinder (1981), Flavin (1981),
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evidence suggests individuals react to hypothetical future income (Fuster et al., 2021; Colarieti et

al., 2024), recent empirical work using individual transaction data provides a more nuanced pic-

ture. For instance, Bräuer et al. (2022) use high-frequency bank data to show that even investors

who clearly anticipate dividend payments increase their spending precisely upon receipt. Simi-

larly, Thakral and Tô (2024) find that the consumption response to anticipated transfers depends

on the length of the planning horizon, with households exhibiting “excess sensitivity” to receipt

despite the pre-announced nature of the income. We reconcile these mixed findings, where stud-

ies using micro-data—including our own—often reveal null average anticipation despite large

post-payment responses,4 by showing that anticipation is concentrated among specific consumer

types and is highly sensitive to event salience.5

Finally, we join the debate on whether MPC heterogeneity reflects transitory circumstances—

shocks to liquidity or balance sheets (Carroll, 1997; Kaplan et al., 2014)—or persistent behavioral
traits such as patience, attention, or financial sophistication (Parker, 2017; Gelman, 2021; Indarte

et al., 2024).6 Our findings align with evidence from Scandinavian administrative data suggesting

that financial behavior has a stable, potentially hard-wired component (Cesarini et al., 2010; Cron-

qvist and Siegel, 2015). We provide the first empirical quantification of these population shares

based on revealed consumption dynamics, rather than model-imposed assumptions. Grounded

in the joint distribution of pre- and post-MPCs, this classification offers a new empirical bench-

mark for calibrating structural models of consumption with behavioral heterogeneity.

The rest of the paper proceeds as follows. Section 2 describes the data and fiscal interven-

tions. Section 3 discusses the empirical strategy and documents the heterogeneity in pre- and

post-MPCs. Section 4 leverages the joint distribution of pre- and post-MPCs to document the

underlying persistence and Section 5 uses it to classify consumers into types. Section 6 uses ad-

ditional data moments not targeted by the clustering algorithm to map these types to established

consumption models. Section 7 concludes.

2 Data and Events

2.1 Transaction Data from Linked Financial Accounts
We mainly use de-identified proprietary account-level financial transaction data from a major

U.S. financial aggregation and analytics firm to construct our dataset. Primarily contracting with

financial institutions, our data provider aggregates financial information across users’ accounts

and assists these institutions in offering personal financial management services. We use the

terms user, individual, and household interchangeably. As part of ‘open banking,’ the platform’s

data access is based on agreements with bank and non-bank partners rather than consumers,

Poterba (1988), and West (1988).
4See Broda and Parker 2014; Kueng 2018; Baugh et al. 2021; Graham and McDowall 2025.
5Other work has documented anticipatory responses to non-income events, such as sales tax increases

(Baker et al., 2018, 2021; Angelucci et al., 2024) and federal income tax changes (Kueng, 2014). We con-
tribute to this line of inquiry by focusing on the anticipatory dynamics of transfer payments.

6Further evidence supporting the role of persistent behavioral frictions includes Kuchler and Pagel
(2021), Maxted (forthcoming), Mijakovic (2023), Gelman and Roussanov (2024), and Hamilton et al. (2024).

5



ensuring comprehensive coverage and mitigating selection biases when consumers must opt-

in to data sharing. Consequently, no additional selection bias occurs among the population of

individuals with financial accounts once users’ financial institutions form an agreement.

The data enable us to track bank, credit card, and debit card account transactions. For each

transaction, we observe the precise date and amount, the transaction category (from one of 43

categories), and a transaction description. Additionally, we capture the merchant’s name and its

location for most transactions. Although we do not observe the user’s demographic information

(age, gender, and race), we can infer the user’s residence at the zip code level, along with detailed

financial characteristics (e.g., balances and overdrafts).

The data cover the complete financial flows across millions of Americans. Due to the plat-

form’s rapid increase in clients during the first two years, we focus on the period from January

2012 to September 2023. The dataset covers numerous financial institutions, allowing us to ob-

serve income and spending for a given user, potentially across several separate financial insti-

tutions. However, it is still possible that these accounts do not represent the totality of users’

income and spending, as some customer accounts may be excluded if held at institutions not

contained within our database. Therefore, we follow Aiello et al. (2023a) to construct a represen-

tative sample of high-quality users based on the quality measure of the data provider and the

tenure of the account. For computational convenience, we work with a 2% random sub-sample

of users from January 2012 to September 2023.7

Table 1, panel A, reports the summary statistics for the users in the final dataset, which is

made up of the daily spending and income transactions of over 50,000 users. We define con-

sumption based on the categories of consumption, as described in Appendix Table A.1, and

aim to follow the definition of other studies (Kueng, 2018; Di Maggio et al., 2022; Graham and

McDowall, 2025). Our main consumption variable is spending in non-durable and service cat-

egories, while total spending combines spending on non-durable goods and services, durable

goods, and other expenditures such as charitable giving and gifts as well as ATM withdrawals

and check payments.

Panel B shows monthly income of users. We define income as including not only salary

but also other types of income, such as pensions, bonuses, and interest income. In addition, it

presents several household financial characteristics (at the user-by-event level) related to liquidity

and credit constraints: bank account balances, the amount of credit available across credit cards,

and the number of bank overdrafts. Balance and credit data are obtained via snapshots of ac-

counts for a subset of users. For each account, a maximum of four snapshots are available: May

2022, November 2022, May 2023, and September 2023. Bank balances and available credit levels

before and after these dates are imputed on the basis of total transaction flows within the ac-

counts. Bank overdrafts are identified from transaction description strings within bank accounts

that describe an overdraft fee being charged.

7To obtain an adequate sample size for our estimates of the spending response to the Alaska Permanent
Fund Dividend, we oversample residents of the state of Alaska. Since the population of Alaska is less than
0.25% of the total U.S. population, this does not affect the estimation of the responses to other income
transfers.
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Given that the announcement and occurrence of income changes from fiscal policy events

are close in time, it is essential to use transaction-level data to measure anticipatory spending

effects. However, one concern is the representativeness of the transaction data. To address this,

previous studies that use the same dataset for different settings compare it to the Census Retail

Sales Surveys and demonstrate its representativeness (e.g., Balyuk and Williams 2021; Di Maggio

et al. 2022; Aiello et al. 2023a,b). Except for households without bank accounts, our sample

broadly represents U.S. customers in terms of income, spending, and geography. Additionally,

we compare our dataset to those used in other studies employing different transaction-level and

survey data to demonstrate its representativeness (see Table 3). We discuss the results of these

replications of prior MPC estimates in Section 2.3.

2.2 Policy-Induced Income Changes
Table 2 lists several types of fiscal income transfers we recognize to estimate anticipatory spend-

ing effects. We select events discussed in prior literature that are observable in our data during

the sample period 2012–2023. The various transactions are identified within the data based on

the description field, and if necessary also merchant and payment size.

The first COVID-19 stimulus has a description denoting a generic tax refund, so additional

restrictions are employed based on the precise dollar amounts of the stimulus check. For the sec-

ond and third COVID-19 stimulus checks, transaction descriptions are more precise, identifying

the relevant transactions as ‘TAXEIP2’ or ‘TAXEIP3’, and dispensing with the need for utilizing

other filters. The Child Tax Credit has a description denoting each transaction as a ‘CHILDCTC’

payment. Federal tax refunds and payments are identified based on merchant and description,

allowing for transactions of any size (e.g., ‘USATAXPYMT’ or ‘IRS TREAS 310 TAX REF’). The

Alaska Permanent Fund Dividend disbursements typically are denoted as a ‘PFD’ payment, but

in some years this description is absent, necessitating us to identify the transactions based on the

precise dollar amount of the dividend in a given year (e.g., multiples of $1,884.00 for 2014).

Finally, regular salary transactions are identified as those categorized as ”Salary/ Regular

Income.” For replicating existing MPC estimates, we utilize all transactions. However, for our

main specifications, we focus on periods during which households receive income as monthly

payments instead of bi-weekly or weekly payments, ensuring that the pre- and post-periods of

regular income payments do not overlap and have sufficient gaps between them.

Panel C of Table 1 shows the distribution of each income transfer. The transfers differ in

their magnitude and also in their frequency and periodicity. This heterogeneity allows us to

examine how individuals respond to different income magnitudes and to the salience of each

event. Additionally, by observing multiple events for each individual, we can analyze responses

both across and within individuals.

2.2.1 Announcement and Payment Dates

Table 2 shows the payment date indicating the date at which the payments are distributed to most

households, the announcement date based on occurrences such as the passing of a legislative bill
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or the official announcement of the policy, and the predicted announcement date according to

two different salience measures together with the two salience measures. We define the predicted

anticipation date as the date prior to the payment date that has the highest value of our coverage

metric.

The table shows that of the 15 official announcement dates, the earliest of the two predicted

announcement dates based on Google searches and newspaper mentions identifies nine events

exactly and three events within two weeks of the official announcement. There are two events

that are off by over a month.8 The average absolute difference between official and predicted

announcement date is three days once we exclude the two large outliers. This alignment provides

credibility to our salience measure.

The table also shows that, excluding the two outliers, there are on average 13 days between

announcement and payment dates. The relatively short time between announcement and pay-

ment dates highlights why high frequency data is essential for estimating anticipation effects.

Furthermore, this relatively short timeline means that we have to limit the estimation of the

anticipation effects to one week or two in most cases.

As mentioned in the introduction, the announcement date does not necessarily coincide with

individuals receiving and processing information about the policy and the upcoming transfer

payments, the so-called ‘news shocks’ (Beaudry and Portier 2004, 2006; Kueng 2014; Ramey 2016).

Some people might not follow the news while others might receive information already before

the official announcement, especially for repeated events. We therefore do not report spending

responses around these announcement dates. Instead, we use them to define a common pre-

period window of one week that we can apply across all events without pushing the start of the

pre-period window before the announcement date and without having the post-period window

of one event overlap with the pre-period window of the next event.

2.2.2 Salience of Events

One precondition to any anticipatory spending response is the extent to which consumers are

aware of the upcoming payments. We measure salience of these events using three different

methods.

The first uses Google search data regarding a particular event and is a more active measure

of what information individuals are actively seeking out. This approach returns a daily metric

called relative search volume, which ranges from 0 to 100. It is not an absolute search count, but

rather a normalized metric that represents the proportion of searchers for a term relative to the

total search volume within a specified time frame.9 Prior work, such as Da et al. (2011), Choi

8The two events are the child tax credit and the 2018 Alaska Permanent Fund Dividend. For the Child
Tax Credit, the mismatch is likely related to the fact that the official announcement was four months ahead
of the disbursement. Furthermore, the Child Tax Credit was jointly announced with COVID Stimulus 3
as part of the American Rescue Plan. It is likely that most of the consumer and media attention focused
on the stimulus payments rather than the child tax credit. For the Alaska Permanent Fund Dividend,
2018 was an anomaly as the dividend amount was announced in May rather than the typical September
timing although the disbursement was consistent with previous years. The early announcement was tied
to special legislation that was passed regarding the use of the Alaska Permanent Fund.

9The search terms are stimulus, child tax credit, ctc, permanent fund, pfd, and tax refund.
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and Varian (2012), Baker and Fradkin (2017), and Baker et al. (2021) demonstrate the utility of

using Google Trends to measure contemporaneous attention for a wide range of economic and

financial topics. One drawback of this measure is that it is a relative measure across time within

a search term. This feature makes it difficult to compare salience across events.

To address this concern, we also use the number of newspaper articles that mention a par-

ticular event. This is a more passive measure of what information is available to individuals

without knowing if this information is processed by consumers. However, it allows us to better

compare salience across events. For our newspaper based metric, we turn to the Access World

News Newsbank database. We use the same search term and date window as the Google search

data to find relevant articles for each event that we study. We then normalize the daily number

of articles by the total number of articles published in all states for national level events like the

COVID stimulus programs and the Child Tax Credit. For the Alaska Permanent Fund Dividend

events we only normalize the measure by total articles published in Alaska.

In terms of news salience, the COVID stimulus payments have the largest measures reflecting

the very publicized nature of the events. The child tax credit has the smallest measure, suggesting

it is not as widely reported as the other events. Looking at the Alaska Permanent Fund Dividend,

the largest values for search occur in 2018 and 2019 while the the largest values for news occur

in 2021 and 2022. These were all years in which the dividend amount was higher relative to the

surrounding years (see Appendix Figure A.1).

Finally, we are able to observe whether a given consumer has had experience with a particular

event type previously. For instance, whether a consumer has previously received an Alaska

Permanent Fund Dividend. We use an indicator for being a repeat event as a final measure of

salience at a consumer-specific level.

We consider these methods complementary. Google search data captures the demand for

information and newspaper article data the supply of information about an event. Moreover,

Google search data can be thought of as measuring salience within events and newspaper articles

measuring salience across events. For example, a high Google search data value leading up to

the payment date of an event shows that individuals are actively seeking information about the

payment before it occurs. On the other hand, newspaper article data can provide insight into

how well-covered different events are relative to each other.

The final two columns of Table 2 show the two salience measures for each payment event. As

expected, our newspaper salience values are higher for the various COVID stimulus payments

compared to the child tax credit as the stimulus was widely reported on in the news media.

Similarly, we find that the Alaska Permanent Fund receives more newspaper coverage in years

where its dividend payment is larger.

2.3 Data Validation: Replication of Five Prior Post-MPC Estimates
While the focus in this paper is on understanding heterogeneity in individuals’ consumption

responses to predictable income changes by leveraging novel pre-MPCs, the response following
the particular income payments – what we call the post-MPC – has been previously estimated
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by researchers in a range of studies. To demonstrate the external validity of our estimates and

representativeness of our sample, we first show that, when following the relevant methodologies

of the prior studies, our data can recover these post-MPCs documented by these researchers.

Table 3 shows that we can replicate the results of these previous papers when mirroring

the specifications those authors laid out. For each fiscal transfer, we chose a leading published

article that also uses transaction-level data, except for the Child Tax Credit, where we use an

unpublished study using the Consumer Expenditure Survey (CEX) as our benchmark (Schild et

al. 2023), because we are not aware of published articles that study this policy using transaction-

level data. For consistency, if available, we replicate the monthly MPCs or MPXs and the papers’

main specification otherwise. We match the sample periods of each study when it is available. We

are able to replicate previous estimates closely, despite the fact that the data source, sample, and

even time span are often quite different between our paper and these other studies. Moreover,

while we closely followed the data cleaning and sample selection processes of these papers,

the consumption measures could differ slightly due to variations in how the datasets categorize

transactions.

For example, previous studies used various private transaction-level and public survey datasets,

as well as different sample periods (e.g., periods earlier than January 2012). Graham and Mc-

Dowall (2025), for instance, utilize transaction-level data from a single U.S. financial institution

to estimate the post-payment of tax refund arrival on spending across the liquidity distribution.

We mirror their approach, calculating the MPC across all expenditures in the one month after

refund arrival. While they find an MPC of approximately 0.42 across 2014 and 2015, we recover

an estimate of 0.37 in our own data.

Schild et al. (2023), in contrast, utilize data from the CEX to investigate the post-payment

of the Child Tax Credit on both overall and child-related spending. While we cannot precisely

mirror their specification given the differences in measurement inherent to the CEX as compared

to our transaction data, we recover a three-month MPX of 0.37 relative to their estimate of 0.41.

Finally, we replicate three of our own studies which estimate the MPC out of regular paycheck

income (Gelman et al., 2014), out of the annual Alaska Permanent Fund Dividend (Kueng, 2018),

and out of the first COVID stimulus payments in 2020 (Baker et al., 2023).10 Despite using

10We are aware of only two working papers that study the spending response to Stimulus 2 or Stimulus
3, and their estimates diverge somewhat. Karger and Rajan (2021) use transaction-level data and report
an MPC out of Stimulus 2 of 39% over a two-week period. Their sample over-represents lower-income
households, which potentially leads to a higher estimate than in the full population. Parker et al. (2022) use
the nationally-representative CEX to study the response to all three COVID stimuli and report relatively
low MPCs over a three-month period, although the estimates’ standard errors are very large because of
the small sample of CEX respondents and the considerable measurement error. They find MPCs of 0.102
and 0.083 out of Stimulus 1 and 2, respectively, and only 0.009 for Stimulus 3. However, the authors
document substantial under-reporting of payment receipt by survey respondent, which has a large effect
on the point estimates. After imputing payment receipt and size using the government’s distribution rule,
these three MPCs increase to 0.250, 0.262, and 0.126, respectively. These corrected estimates closely align
with our estimates of three-month MPCs reported in Table A.2 of 0.241 and 0.159 for Stimulus 1 and 3.
Because Stimulus 2 occurred only 11 weeks before Stimulus 3, we do not estimate the three-month MPC.
However, the one-month MPCs out of all three COVID stimuli are similar, suggesting that a three-month
MPC of 0.262 for Stimulus 2 is plausible.
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a different source for the transaction-level income and spending data, we obtain very similar

estimates, 0.06 vs. 0.07 for the MPC during the first day after receiving a regular paycheck, 0.10

vs. 0.11 for the monthly MPC out of the Alaska dividend, and we match the monthly MPX

of 0.22 out of the first COVID stimulus payments exactly despite using a different source of

transaction-level data.

Overall, we take these results as evidence for the broad utility of this data source in providing

reliable and externally valid measurements of individual consumption behavior.

3 Average Pre- and Post-MPCs
Because our primary goal is to study consumer behavior and discriminate between different the-

ories or models, we estimate marginal propensities to consume (MPCs) by focusing on spending

on nondurables and services. In other specifications reported in the online appendix, we use total

consumer expenditures by adding in spending on durable goods to estimate marginal propensi-

ties to spend (MPXs), because they are typically the object of interest for policymakers managing

aggregate demand (Laibson et al., 2022).

Following the recent literature on two-way fixed effects models with staggered treatment (e.g.,

Borusyak et al. 2024), we estimate pre- and post-payment MPCs using the following dynamic

distributed lag specification of daily consumption expenditures of individual i on calendar date

t controlling for date (αt) and individual-by-day of month fixed effects (αi,dom(t)) to account for

common shocks across all consumers and for regular spending patterns that occur on a specific

day of the month for different individuals (e.g., regular shopping trips, work lunches):

ci,t =
90
ÿ

s=´28

βs,e 1[t = Ti,e + s] ˆ Amounti,e + αi,dom(t) + αt + ui,t (1)

Standard errors are clustered by individuals. Amounti,e is the amount of the income a treated

individual receives at date Ti,e from fiscal transfer event e. This specification employs several

sources of identifying variation in both the receipt (1[t = Ti,e + s]), timing (Ti,e), and amount

of income transfers conditional on receipt (Amounti,e). Each of the events are only received

by a subset of individuals, many of the event types have substantial variation in the amount

of income received, and several events also have substantial variation in when precisely the

income was received by an individual (see for example Figure 2 in Parker et al. (2022) for the

variation generated by the three COVID Stimulus programs, reproduced in Appendix Figure A.2

for convenience). We then sum daily responses to obtain cumulative pre- and post MPCs over

different horizons before and after receiving an anticipated income transfer: β
pre
e,h =

ř´1
s=´h βs,e for

horizon h = 7 days and β
post
e,h̄ =

řh̄
s=0 βs,e for horizons h̄ P t7, 28, 90u days.11

11For the monthly events, we include the 7 days before and the 14 days after the events.
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3.1 Post-Payment MPCs: Excess Sensitivity
Table 4 lays out the nondurables MPCs out of the listed income transfers for three different

post-payment periods: (i) the week, (ii) the month, and (iii) the three months following the in-

come transfer. For each of these post-payment MPCs, we find broadly consistent consumption

responses across payment events. MPCs generally range from 0.03 to 0.13 in the week following

the income’s arrival to approximately 0.15 to 0.38 during the first three months after the transfer.12

These ranges of post-payment MPCs are in line with those of a substantial prior literature related

to excess sensitivity tests, which test the prediction of the canonical models such as the per-

manent income hypothesis that consumption of individuals with sufficient liquidity should not

systematically respond to predictable income changes (e.g., Jappelli and Pistaferri 2010; Fuchs-

Schündeln and Hassan 2016; Carroll et al. 2017; Havranek and Sokolova 2020; Sokolova 2023).

3.2 Pre-Payment MPCs: Anticipatory Spending Behavior
Table 4 also examines the pre-payment MPCs for one week prior to income arrival. We do find

that users increase spending in the week prior to the arrival of income, but that magnitudes for

most events that are 70%–90% smaller than their spending responses following arrival.

To the best of our knowledge, we are the first to document small but statistically significant

anticipatory spending effects on average, and robustly across different income transfers. The

majority of studies report insignificant anticipatory spending effects (Broda and Parker, 2014;

Baugh et al., 2021; Graham and McDowall, 2025), and only very few document significant effects

(Agarwal and Qian, 2014; Kueng, 2014; Caldwell et al., 2023).13 A likely reason is that even if

individuals’ spending behavior follows that of canonical consumption models, it is empirically

challenging to estimate the anticipatory spending results, as the theoretically predicted response

size is small, even for responding users, because the annuity value of income changes is typi-

cally very small, leading to spending responses that would be even smaller due to consumption

smoothing (Kaplan and Violante, 2014). Furthermore, there is heterogeneity in the salience of

events and it is likely that individuals differ in their ability to acquire and process information.

They also differ in the subjective probability that they assign to the event occurring. Measuring

this individual heterogeneity is very difficult, which makes it empirically challenging to estimate

these anticipation effects, requiring data with a large sample size and with observations recorded

at high frequency and with minimal measurement error.

Appendix Table A.3 reports the corresponding MPXs by looking at total spending rather than

nondurable spending responses, finding similar patterns of smaller, but non-zero, anticipatory

spending responses (pre-MPXs) and sizable responses following income arrival (post-MPXs).

Magnitudes of MPXs are mechanically larger given the larger absolute dollars that we track

across total spending relative to non-durable spending.

12Differences between MPCs reported in Table 3 and post-payment MPCs in Table 4 stem from follow-
ing each previous paper’s main specification in Table 3 (including sample selection, data cleaning, variable
definition (e.g., MPC vs. MPX), etc.) while using a common specification across all events in Table 4.

13Thakral and Tô (2024) note a relationship between a post-payment MPCs and the duration of time
between announcement and income receipt, but does not find evidence for sizable anticipatory spending.
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4 The Distribution of Individual Pre- and Post-MPCs

4.1 Event-Specific Individual MPCs
To understand how consumption responses vary across events and individuals, and to identify

the determinants of these heterogeneous responses, we estimate MPCs at the individual-event

level by leveraging the dataset’s structure, in particular its long panel dimension and the fact that

the vast majority of individuals experience multiple events. Because person-level daily spending

responses are too noisy and computationally costly, we estimate individual event-level cumula-

tive pre- and post-payment MPCs directly using the following regression specification previously

used in Baker et al. (2023):

ci,t = β
pre
i,e,h Prei,t,e,h ˆ Amounti,e + β

post
i,e,h̄ Posti,t,e,h̄ ˆ Amounti,e + αi,dom(t) + αt + ui,t, (2)

where β
pre
e,i,h and β

post
e,i,h̄ are allowed to vary across individuals and payment events and thus esti-

mate heterogeneous cumulative MPCs for each individual and each event separately. Prei,t,e,h =

1[Ti,e ´ h ď t ă Ti,e]/h is an indicator that equals one for treated individuals for h days before

the payment date Ti,e, scaled by the estimation window length h. Similarly, Posti,t,e,h̄ = 1[Ti,e ď

t ď Ti,e + h̄]/h̄ is the scaled indicator for the post period. To illustrate why β corresponds to

the cumulative MPC over the period of length h, imagine that a $1 transfer leads to $1 dollar of

additional spending in the day immediately after receipt, a one-day post-MPC of 100%. Thus,

if we estimated the effect over one day, we would scale by h̄ = 1 and β
post
i,e,1 = 1. If we estimate

the effect over 10 days, the average effect each day is 0.1, which would be the coefficient on a

regression of Posti,t,e,h̄ ˆ Amounti,e. Dividing by h̄ = 10 scales the coefficient by 10 so that the

cumulative post-MPC is again β
post
i,e,10 = 1.14

4.1.1 Unconditional and Within-Person Distributions of MPCs

Figure 1 plots several distributions of one month post-payment nondurables MPCs across our

sample. First, the red solid line denotes the kernel density of the marginal propensity to con-

sume out of pre-announced one-time income changes in the month after the arrival of income,

allowing for multiple observations per individual. Some fiscal policies have multiple payments

across years, such as tax refunds or the Alaska dividends. We treat each annual payment as a

separate event. In line with previous studies, we find that the individual consumption response

coefficients exhibit a relatively wide dispersion around their mean. The distribution peaks near

zero but has a pronounced positive skew, consistent with the positive post-MPC seen in Table 4.

These thick tails, similar to the post-payment MPCs out of the 2001 and 2008 stimulus checks

computed from CEX survey data in Misra and Surico (2014) and Lewis et al. (2026), are partly a

result of noise in consumption measured at relatively high-frequency levels. In fact, the thickness

of tails using actual spending data shows that measurement error in survey data is unlikely the

14Appendix Table A.2 shows that estimating the equivalent specification for average MPCs imposing
treatment effect homogeneity, ci,t = β

pre
e Pree,i,t,h ¨ Amounti,e + β

post
e Poste,i,t,h̄ ¨ Amounti,e + αi,dom(t)+ αt +ui,t

yields similar results as specification (1).
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main driver of this dispersion. Similarly, the distribution of individual post-payment MPCs

estimated in Boehm et al. (2025) based on a randomized controlled trial (RCT) with customers of

a French bank – and also using transaction data as in this paper – shows similar dispersion even

after constraining the distribution to have only positive support. Jappelli and Pistaferri (2014)

also document considerable heterogeneity in MPCs based on responses to hypothetical-scenario

questions.

We then extend this analysis further in Figure 1. The blue dashed line plots the same distribu-

tion after averaging these user-events across all events within a user. Averaging coefficients across

events within an individual removes much of the noise contained in the unconditional distribu-

tion of single-event MPCs, yielding a more compressed, but still positively skewed distribution

with thinner tails.

Finally, the black dotted line represents the distribution of averaged user-level MPCs for

only those users where we observe 10 or more income events. We note a further narrowing

of the distribution. Despite this narrowing after averaging over many events within a user,

the distribution of within-person average post-MPCs shows sizable dispersion, consistent with

persistent personal traits playing an important role in determining consumption responses.

4.2 Persistent Behavior versus Event-Level Consumption Noise
The wide dispersion of individual-by-event MPCs raises a natural question: how much of the

residual dispersion in within-person averages reflects persistent heterogeneity across consumers,

and how much is event-level noise that has not yet averaged out? We address this with a within-

person design that holds the population fixed. We keep the N = 13,490 consumers who expe-

rience at least K = 10 income events, and for each E = 1, . . . , 10 we draw E of that consumer’s

events at random and average their post-MPCs. Because the same consumers enter at every E,

any decline in dispersion reflects the averaging of noise rather than a change in who is being av-

eraged. This design therefore does not require the assumption that consumer types are unrelated

to the number of events observed and thus is free from potential biases stemming from changes

in the composition of the sample population as we vary E.

Volatility test. Panel (b) of Figure 1 plots the standard deviation of within-person average post-

MPCs against E. Under the null that individual MPCs equal a common population MPC plus

i.i.d. draws of “consumption noise,” the within-person average has standard deviation σpop/
?

E,

which falls to zero as E grows. The data decline steeply, from 78.6% at E = 1 to 30.0% at E = 10,

but they stay above this benchmark at every E ě 2 and flatten toward a positive floor rather than

collapsing toward zero. Fitting sd(E)2 = σ2
true + σ2

noise/E gives a persistent component of σtrue =

17.8% (95% CI 16.4–18.9) and an event-level noise component of σnoise = 76.1%. Hence, most of

the dispersion in single-event MPCs is noise that averages out, but a substantial and precisely

estimated dispersion survives averaging. It reflects ex-ante heterogeneity of consumer types

together with ex-post heterogeneity stemming from differences in temporary circumstances.

Share-negative test. Appendix Figure A.5 applies the same design to the share of consumers

whose within-person average post-MPC falls below zero, ´5%, and ´10%. The share below zero
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declines from 41.4% at E = 1 to 29.0% at E = 10, so averaging over ten events removes less than a

third of the negative averages. The shares below ´5% and ´10% decline in parallel, from 35.8%

to 22.3% and from 30.9% to 16.8%. Both nulls apply the central limit theorem to the within-

person average and predict a negative share of Φ
(
´µpop/sd(E)

)
, with µpop = 15.6% and sd(E)

taken from the corresponding null in Panel (b). They coincide at E = 1 and separate as E grows.

The homogeneous null falls to 26.4% at E = 10 and lies below the bootstrap interval from E = 6

onward, so this test rejects it as well. The heterogeneous null, which uses the σtrue and σnoise

estimated in Panel (b) without any re-fitting, tracks the data far more closely and stays inside the

interval through E = 8, at 42.1% versus 41.4% at E = 1 and 30.1% versus 29.0% at E = 10. It

overshoots slightly at E = 9 and E = 10, which is what a right-skewed distribution of true MPCs

produces: once the noise has largely averaged out, the normal approximation underlying Φ(¨)

places too much mass in the left tail.

The dispersion of true MPCs. Our σtrue = 17.8% measures the dispersion of persistent MPCs,

purged of event-level noise, and few comparable numbers exist. Most papers that document MPC

heterogeneity report quantiles or group-specific means rather than a second moment. Jappelli

and Pistaferri (2014) are the exception, reporting a standard deviation of stated MPCs of 35.7%

(their Table 1, mean 47.6%), and Jappelli and Pistaferri (2020) report 36% and 35% in the two

waves of the same survey. That number is not comparable to ours in either direction. The survey

enforces that the spend and save shares sum to 100, which truncates dispersion from below, while

62% of the mass sits on the three focal answers 0, 0.5, and 1, which inflates the second moment

through rounding rather than through heterogeneity. Two further estimates can be recovered

from published tables rather than read off them.15 Fuster et al. (2021) do not report a standard

deviation, but their Table 3 implies one of roughly 28% for the $500 gain. Lewis et al. (2026)

do not either, but their estimated three-point latent distribution (MPCs of 0.04, 0.23, and 1.33

with population shares of 0.30, 0.48, and 0.23) implies a mean of 0.42 and a standard deviation

of about 50%. The latter is the closest comparison available, since their latent distribution is

also meant to be free of noise, though it refers to quarterly total expenditure rather than to

one-month nondurable spending and so includes durable purchases, which are both larger and

more dispersed. Hence, the comparisons are loose, and the useful statement is a methodological

one: because we observe the same consumer over many pre-announced events, σtrue is estimated

rather than assumed, and it does not rest on a rank-invariance assumption, a parametric mixture,

15Neither paper reports a standard deviation; we compute both from their published tables. For
Lewis et al. (2026) we use the estimated latent distribution in their Table 1, which places MPCs of
λ = (0.04, 0.23, 1.33) on population shares of π = (0.30, 0.48, 0.23). Normalizing the shares, which
sum to 1.01 in their table because of rounding, the implied mean

ř

g πgλg = 0.42 reproduces the aver-

age MPC they report, and the implied standard deviation is
[
ř

g πg(λg ´ λ̄)2]1/2
= 50%. We use the

latent distribution rather than the posterior-weighted individual MPCs plotted in their Figure 1, because
posterior weighting shrinks each household toward the mean and would understate the dispersion of the
underlying types. The calculation treats the estimated distribution as known and hence ignores estimation
uncertainty in λg and πg. For Fuster et al. (2021) we invert the standard error of the mean reported in
their Table 3: with SE = 0.007 and N = 1,638 for the $500 gain scenario, SD « SE

?
N = 28%. This is

approximate, since their statistics are weighted and their reported means are winsorized at the 2.5th and
97.5th percentiles, both of which break the exact relation.
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or the accuracy of a stated plan.

Negative MPCs. Our estimates of the share of individual-level MPCs that are negative help

reconcile a disagreement in the literature about whether negative MPCs are real. Two papers

use the same CEX rebate data and reach opposite conclusions. Misra and Surico (2014) estimate

quantile regressions of the change in spending on the rebate; in their Figure 1 the nondurable

response crosses zero at about the 35th percentile for the 2008 rebate and the 40th for 2001,

which implies a large negative share provided that households keep their rank in the conditional

spending distribution. Lewis et al. (2026) instead fit a three-component Gaussian mixture to

the same data and find essentially no negative mass. That result is close to mechanical: their

household-level MPCs are posterior-weighted averages of the three estimated group MPCs, all

of which are positive, so the entire left tail is absorbed by the within-group error rather than by

a negative-MPC type. The two designs differ not in their data but in how much of the left tail

each assigns to noise, and neither can settle the question, because each household is observed for

a single event.

Our design does not need that assumption, because we observe the same consumer across

many events, and it delivers both numbers. At E = 1 the measured share of negative post-

MPCs is 41.4%, close to what the quantile-regression reading implies. This is arithmetic rather

than evidence of widespread dissaving: single-event responses have mean µpop = 15.6% against

a standard deviation of σpop = 78.1%, and a small mean on a wide distribution mechanically

places much mass below zero. As events are averaged the noise falls away and the share declines

toward Φ
(
´µpop/σtrue

)
= 19.0%. Hence, most of the measured negative mass is event-level

noise, but not all of it, which is why both prior readings can look right on the same data.

Designs that avoid consumption noise point in the same direction. Boehm et al. (2025) recover

the MPC distribution by deconvolution in a randomized transfer experiment. Their baseline

constrains the support to be positive, but their unconstrained estimate places the bottom 10 to

15% of the unrestricted-card arm below zero (their Figure A25). Fuster et al. (2021) instead elicit

stated spending responses: respondents report the causal response directly, so it never has to

be inferred from observed spending, which moves for many reasons other than the transfer.

Their design also does not restrict answers to [0, 1], and 8% report a negative response to a $500

windfall. Both estimates lie below our 19.0%, and both comparisons are bounded in the same

direction: our figure overstates the true share because the normal approximation over-weights

the left tail of a right-skewed distribution, while stated responses remain subject to reporting

error, which inflates both tails if it is symmetric. Note that eliciting the response directly removes

consumption noise, not measurement error. Taken together, the evidence supports a small share

of consumers with a persistently negative MPC, well below what single-event estimates suggest.

Appendix A.1 records the design differences behind these comparisons.

Hence, the volatility and share-negative tests support the same conclusion. Most of the wide

cross-sectional dispersion in individual-event MPCs is event-level noise that averages out, but a

substantial residual persists: the dispersion of within-person averages settles at σtrue = 17.8%,

and 29% of consumers still show a negative average post-MPC after ten events. Both statistics
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reject the homogeneous-MPC null once enough events are averaged, and the same (σtrue, σnoise)

pair matches both. This residual motivates the cluster analysis in Section 5, where we ask whether

consumers separate into a small number of stable behavioral types.

4.3 Persistence of Consumption Responses

4.3.1 The Joint Distribution of Pre- and Post-MPCs

The large average post-payment MPCs and the small but statistically significant average pre-

payment MPCs shown in Table 4 across several fiscal transfer events are consistent with canonical

macroeconomic models of rational consumption choice under uncertainty, such as one- and two-

asset buffer stock models (e.g., Carroll 2001; Kaplan and Violante 2014).

If excess sensitivity of consumption to predictable income payments was mainly a product of

credit and liquidity constraints as in those models, we would expect to see a negative relationship

between pre- and post-payment MPCs, with constrained individuals unable to increase spending

prior to the actual arrival of income. That is, the canonical models impose strong testable restric-

tions on the joint distribution of pre- and post-MPCs: For rational forward-looking consumers

βpre,i ą 0 and βpre,i « βpost,i due to the desire to smooth consumption over time, while for rational

but credit-constrained consumers, βpre,i = 0 due to the constraint and βpost,i " 0.

Figure 2 plots the relationship between these two objects across individuals. There is a strong

positive relationship between the average pre-payment MPC for an individual and their average

post-payment MPC. We see that post-payment MPCs are highest for those who also have high

levels of spending in the week before income arrival, contrary to the predictions of the canonical

consumption models.

Appendix Table A.4 displays results of regressions of one-week pre-payment MPCs on var-

ious post-payment MPCs. In particular, we include one-week post-payment MPCs, one-month

MPCs, and one-month MPCs while excluding spending in the first week after payment (to miti-

gate any mechanical correlation in spending immediately before and after payment from a single

shock like a vacation timed to span payment arrival). We confirm the graphical relationship

while accounting for event and user fixed effects, as well as other time-varying individual finan-

cial characteristics such as bank balances, available credit, income, recent overdrafts, and after

controlling for the person’s average propensity to consume (APC) and average salary MPCs.

4.3.2 Salience and the Predictive Power of Pre- & Post-MPCs Across Events

Table 5 examines the persistence of these pre- and post-payment MPCs within user across events.

We regress pre- and post-payment MPCs on lagged values from prior events, including event

specific fixed effects and user-level financial characteristics.

In columns 1 and 3, we find that there is a significant persistence in the size of a users’

consumption response, both prior to income arrival and following arrival. That is, users that

increase spending in advance of (or following) income arrival for one event tend to do so in the

context of the following event, as well.

Columns 2 and 4 add interactions of the lagged MPC value with two measures of the salience
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of these payments. ‘High News’ indicates that both a given event and the preceding event were

in the top quartile of news coverage across all events, as measured by the fraction of newspaper

articles in the user’s state that discussed the payment. ‘Repeat Event’ denotes an event type

with which the user had prior experience and thus was more familiar with. For both of these

interactions, we find that higher levels of salience or familiarity tended to increase the persistence

of the observed Pre- and Post-MPCs approximately doubling the magnitude of the relationship.

Intuitively, users need to be aware of the income shock in order for persistent characteristics to

drive similarity in spending responses.

While higher levels of salience tend to produce more consistent responses over time within

individual, they also shift spending across time around a given event. Given a likely jump in

awareness or salience upon income arrival, low levels of salience of an upcoming event may

contribute to the large discontinuities in consumption behavior at arrival, as well.

Figure 3 displays the full distribution of the difference between pre-MPCs and post-MPCs

across individual-event observations for two separate sets of events. We split events by whether

they are in the top or bottom half of news coverage relative to the entire sample. We find that

events with low levels of news coverage – salience – tend to have both a higher mean and wider

distribution of spending changes at income arrival (e.g., post-MPC ´ pre-MPC). Events with

higher levels of salience tend to have more stable consumption paths in the weeks surrounding

the arrival of income, suggesting that individuals are increasing consumption in anticipation of

income arrival.

Table 6 explores this shifting in a regression format. In column (1), we find that higher levels

of salience are associated with higher levels of spending in the month following payment arrival.

However, columns (2) and (3) show that, despite spending being higher across a month, higher

levels of salience tend to reallocate some spending from the week after payment arrival to the

week before arrival. That is, users pull forward spending into the pre-period when they are likely

more aware of the upcoming payments. This also implies a smaller jump in spending around

payment arrival (column (4)).

4.3.3 Liquidity and MPC Heterogeneity

We now turn to a more in depth examination of financial factors that can explain variation in

MPCs across and within individuals. Estimating MPC heterogeneity is crucial for both policy

and macroeconomic modeling. For policy, it enables targeting users with high MPCs to maximize

aggregate demand responses. For macroeconomic models, matching the observed heterogeneity

in MPCs is key to validate model predictions, potentially falsify certain frameworks (e.g., Kaplan

and Violante 2022; Auclert et al. 2023, 2024). The distribution of MPC can even serve as a suffi-

cient statistic for evaluating the welfare effects of policy changes in a manner robust to different

specifications in a class of supporting structural models (Auclert, 2019).

Table 7 examines the relationship between both pre- and post-payment MPC and a primary

driver of MPC heterogeneity in the canonical models: liquidity. This wide ranging literature

includes both empirical contributions (Baker 2018; Gelman 2021; Baker et al. 2023; Crawley and

Kuchler 2023) and theoretical contributions (Deaton 1991; Carroll 2001; Kaplan and Violante 2014;
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Gelman et al. 2022; Kaplan and Violante 2022) examining the interactions of financial resources

and consumption behavior. Overall, a major finding is that a strong relationship exists between

financial resources and MPCs.

We advance this literature by leveraging the fact that we observe the same individual over

several distinct payment events. This allows us to decompose the explanatory power of liquidity

into the within-person variation that reflects changes in liquidity due to temporary circumstances,

such as transitory low income or large expenditure shocks, and permanently low liquidity that

reflects persistent household traits, such as high subjective discount rates, impatience, or present

bias from hyperbolic discounting or similar psychological behavior. Furthermore, having access

to financial transaction data we can expand on the typical measure of liquidity – bank balances,

typically the sum of checking and savings accounts – used in previous studies based on survey

data and also study the role of unused credit or credit card utilization, measured as the available

credit before reaching the credit card’s limit, and the number of bank overdrafts, which we can

identify from the description string of the transaction.

Consistent with prior literature, columns (1) and (3) show strong effects of all three metrics of

liquidity on the MPC following the receipt of income in the cross section and when controlling

for event-specific fixed effects. Post-payment MPCs are negatively correlated with bank balances

and available credit on the card, while positively related to the number of overdrafts across the

four quarters prior to the arrival of the payment.

However, this finding is not robust to controlling for user fixed effects in columns (2) and

(4). Focusing on within-individual variation by adding user fixed effects decreases or even flips

the sign for these measures of liquidity. Within user, more credit is associated with larger post-

payment MPCs.

There are relatively few studies that investigate the within-individual relationship between

post-MPC and liquidity or income largely due to limited opportunities to survey the same in-

dividuals repeatedly (Jappelli and Pistaferri, 2020) or observe multiple events per individual

(Gelman, 2021; Toczynski, 2022). The vast number of articles that investigate the relationship be-

tween post-MPCs and liquidity or income study the cross-sectional relationship. This is because

financial transaction data with high-frequency observations around the payment event and with

a sufficiently long panel dimension has become available only recently (Baker and Kueng, 2022).

Previously, studies had to rely mostly on expenditure survey data, which typically consists either

of repeated cross-sections or has only a very limited panel dimension such as the British Expen-

diture and Food Survey (EFS, formerly called the Family Expenditure Survey, FES) or the CEX,

respectively. The result that the relationship between the post-MPC and liquidity and income is

weaker when isolating the within-individual variation is consistent with Gelman (2021).

Columns (5)–(6) repeat the analysis for pre-payment MPCs. The cross-sectional relationships

in column (5) are weaker when compared to those of the post-payment MPC. High credit and low

overdrafts also associated with lower MPCs without user fixed effects. Adding user fixed effects

in column (6) shows a clearer relationship between the three liquidity measures and the pre-

MPCs. When isolating within-individual variation in liquidity, we find that times when users
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have higher liquidity are times when they are able to pull spending forward to the pre-event

period. This suggests that liquidity constraints may occasionally bind to prevent individuals

from increasing consumption before income is received.

The result that the relationship between the post-MPC and liquidity is different in the cross

section compared to within individual – and the new finding that this also applies to the pre-MPC

– is consistent with the idea that persistent individual characteristics or ‘types’ are important in

driving cross sectional MPC heterogeneity (Parker, 2017). We pursue this idea further in the next

section by attempting to categorize individuals into different groups based on their pre- and

post-payment MPCs.

5 Consumer Types
When exploring MPC heterogeneity, it is common to split the sample based on observable char-

acteristics like income and liquidity or age as in Section 4.3.3. In this section, we advance the

study of MPC heterogeneity by taking advantage of the granular nature and the long panel di-

mension of our data combined with the analysis of multiple events per person, which allows us

to calculate pre- and post-payment MPCs at the individual level. Our study is the first to use

these novel measures to split the sample into different groups.

5.1 Cluster Algorithm
Instead of splitting the sample based on equally spaced percentiles, we use k-means clustering

to remain agnostic about the cutoff values and sizes for the different groups of consumers.16

k-means clustering is a computationally efficient unsupervised machine learning algorithm to

group individuals into clusters of similar consumer types based on individual-level characteristics

(Forgy 1965; Bonhomme et al. 2022). The algorithm chooses membership into one of k clusters

16A small but growing literature has begun to characterize the distribution of individual-level post-
payment MPCs, motivated by the recognition that MPC heterogeneity is a central object in modern
macroeconomic models of monetary and fiscal transmission (e.g., Kaplan and Violante 2014; Auclert 2019).
Recent contributions include Misra and Surico (2014), Colarieti et al. (2024), Andre et al. (2025), Boehm
et al. (2025), Lewis et al. (2026), and Andre et al. (2025). An early and robust finding of this literature –
which our analysis corroborates and sharpens – is that MPCs exhibit substantial yet systematic hetero-
geneity that is difficult to reconcile with any single model of consumer behavior. Misra and Surico (2014)
were among the first to estimate the distribution of individual-level MPCs, using quantile regressions
applied to two exogenous income events: the 2001 and 2008 fiscal stimulus programs. Lewis et al. (2026)
extend this approach by employing a parametric Gaussian mixture model to address the substantial mea-
surement error in CEX spending data. Because each household is observed for a single event, however,
both designs must assume how much of the dispersion is measurement error rather than measure it, and
the assumption drives the answer: the two papers use the same 2008 CEX rebate data and reach opposite
conclusions about the share of consumers with a negative MPC, as we discuss in Section 4.2. Their reliance
on cross-sectional variation and a single income event also precludes the use of nonparametric clustering
methods such as k-means. Boehm et al. (2025) instead exploit a randomized controlled trial conducted
with a French bank and apply deconvolution techniques to recover the distribution of individual MPCs
from experimental variation. While they do not observe realized spending responses, Colarieti et al. (2024)
use a large survey to classify individuals into consumer types based on self-reported responses to hypo-
thetical income shocks. Finally, Andre et al. (2025) use within-household survey responses to hypothetical
income gains and losses of varying sizes to identify four near-rational “quick-fixing” types, which explain
substantial MPC heterogeneity despite being weakly predicted by financial and demographic observables.
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by minimizing the total within-cluster variation. In our context, we limit the algorithm’s inputs

to the individual’s pre- and post-payment MPCs to form these groups. We then assign descrip-

tive names to the resulting groups based on their location in the joint distribution of pre- and

post-payment MPCs. Finally, we use additional observables not used by the algorithm, such as

socio-economic demographics, to assess whether the descriptive labels capture broader empirical

differences across consumers.

Figure 4 graphs the density contour plot of the joint distribution of pre- and post-payment

MPCs (i.e., the underlying distribution of the bin scatter plot in Figure 2) while also indicating

the cluster each point belongs to for our preferred specification with k = 4. We arrive at our

preferred value of four clusters because it creates a simple two-by-two classification that separates

the saver-spender dimension from the active-passive timing dimension. This structure naturally

extends the two-type approach of Campbell and Mankiw (1989) and Mankiw (2000) by adding

the pre-payment MPC as a second dimension.17

5.2 Four Consumer Types
The four clusters have a simple interpretation. The post-payment MPC separates savers from

spenders, while the pre-payment MPC separates active from passive consumers. We therefore

label the groups as Active Savers, Passive Savers, Active Spenders, and Passive Spenders. These

labels are descriptive: they summarize the joint dynamics of consumption around predictable

payments, before we map the groups to models in Section 6.

Table 8 reports the average MPCs that define these types. The first two rows of Panel A report

one-week post- and pre-payment MPCs for users assigned to each type. For each type, we sepa-

rately re-estimate the pre- and post-payment MPCs within the group in order to compute correct

within-type standard errors. This re-estimation implies that the type-level MPCs in Table 8 differ

slightly from the average individual MPCs used to form the k-means clusters in Figure 4.

Columns 5–6 split individuals by liquidity and show a familiar result from the literature:

low-liquidity consumers have much larger post-payment MPCs than high-liquidity consumers.

However, the same liquidity split generates little difference in pre-payment MPCs. In contrast,

the four consumer types differ along both dimensions. This is the main empirical value of the

pre-payment MPC: it separates consumers with similar post-payment MPCs into groups with

different timing behavior, splitting the usual saver and spender groups into active and passive

types.

Type 1: Active Savers (43% of the sample).— Active Savers have small but positive pre- and

post-payment MPCs, consistent with consumers who smooth spending over the payment date.

Type 2: Passive Savers (23%).— Passive Savers have near-zero pre-payment MPCs and small

post-payment MPCs. They look similar to Active Savers if one only observes post-payment

responses, but they do not pull spending forward before predictable payments arrive.

17Appendix A.2.4 shows the effect of using different numbers of clusters, with k ranging from 2 to 6
(see Appendix Figure A.6).
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Type 3: Active Spenders (9%).— Active Spenders have large pre-payment MPCs and large

post-payment MPCs, indicating that they both pull spending forward and continue to spend

upon arrival.

Type 4: Passive Spenders (25%).— Passive Spenders have high post-payment MPCs but much

smaller pre-payment MPCs.

5.3 Cluster Persistence
A natural question is whether these cluster assignments reflect stable individual characteristics

or are primarily driven by temporary circumstances. To assess this, we examine within-person

purity—the share of an individual’s events assigned to their modal type, where each event is

assigned to the nearest user-level cluster centroid. We benchmark observed purity against its

expectation under random reassignment of event labels, holding fixed the aggregate assignment

distribution and each individual’s event count (Appendix A.2.1). At our preferred k = 4, ob-

served purity lies far outside the null distribution (permutation standard error « 0.0005, p ă 0.01;

Appendix Table A.5), and the same pattern holds at every k from 2 to 10.

Purity is a coarse statistic: most of its level reflects cluster sizes and event-count mechan-

ics rather than behavior. The structure of transitions provides the sharper diagnostic because

individual MPCs contain a lot of “noise,” being influenced by other lumpy spending decisions

unrelated to income changes and this noise remains substantial for average MPCs within in-

dividuals even with multiple income events per person.18 Our second test therefore examines

event-to-event transitions: we assign each individual-event observation to the nearest user-level

centroid and pair it with the same individual’s next observed event.

Appendix A.2.2 details the construction and the permutation inference, and Appendix Ta-

ble A.6 reports the full matrix of normalized transition probabilities, where a value of one corre-

sponds to no persistence. Aggregate persistence is modest but decisively non-random: Cohen’s

κ—the observed same-type share of transitions relative to the share expected from the marginal

type distributions alone—is 0.060, with a permutation null tightly concentrated at zero (p ă 0.01).

Three patterns emerge. First, all four own-type values exceed one (1.12–1.40). Second, when as-

signments do change, they move disproportionately within the saver or spender family: in every

row the second-largest value is the other type in the same family, with flows between Active and

Passive Spenders of 1.15 in both directions. Third, every transition that crosses the spender–saver

boundary has a normalized probability below one. Event-level noise thus perturbs assignments

along the active–passive margin rather than across the spender–saver divide, indicating that the

classification captures a hierarchy: a highly persistent spender–saver trait modified by a second

active–passive margin.

Both purity and the transition structure, however, are computed on the same events that

define the types. Our third test is therefore fully out-of-sample: we ask whether a user’s spending

18We use the term “noise” to emphasize that because we have financial transaction data instead of sur-
vey responses, this variation in individual pre- and post-MPCs and the corresponding cluster assignments
are not due to measurement error.
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response around regular paycheck receipt—an income event excluded from the type definitions—

recovers the user’s type. We assign each user’s salary response to the nearest cluster centroid

and compare this assignment to the type based on fiscal transfers (Appendix A.2.3). The salary

response places 40.3% of users in their own type (N = 40,109). Against the random assignment

benchmark, Cohen’s κ = 0.078, with a permutation null tightly concentrated at zero (standard

error « 0.003, p ă 0.01).

Overall, this stability of cluster assignments alongside the within-person MPC persistence

documented in Section 4.3.2, supports the interpretation that the four clusters capture durable

behavioral types, measured with considerable idiosyncratic consumption noise, rather than tem-

porary circumstances.

6 Mapping Consumer Types to Models
Having defined the four types descriptively, we now map them to well-known models of con-

sumer behavior. This mapping is informal and interpretive. The clustering algorithm uses only

pre- and post-payment MPCs; it does not target liquidity, credit access, payment size, salience,

APC, overdrafts, finance employment, or the composition of spending.

The auxiliary moments therefore provide an over-identifying check on whether the descrip-

tive labels correspond to mechanisms suggested by theory. No single model should be expected

to match every spending pattern and auxiliary moment perfectly. The goal is instead to ask

which model provides the most useful interpretation of each empirical type.

6.1 Active Savers Ñ Canonical Macro/PIH
Active Savers have small positive pre- and post-payment MPCs. Their one-week pre-MPC is

about 0.04, while their one-week post-MPC is about 0.05. The similar magnitudes of the two

MPCs are the pattern predicted by canonical forward-looking models: once a predictable in-

come change is incorporated into permanent income, consumption rises before the payment

arrives and remains at approximately the same higher level afterward (Friedman, 1957; Ando

and Modigliani, 1963; Zeldes, 1989; Deaton, 1991; Carroll, 1997). At the same time, the one-

week pre-MPC of 0.04 may still be large relative to the response predicted by standard calibrated

models. Occasional borrowing constraints can help explain why the average post-payment MPC

exceeds the payment’s annuity value predicted by the frictionless PIH, but they do not readily ex-

plain spending before the payment arrives: households whose borrowing constraints bind cannot

spend against the future transfer. Active Savers are therefore the closest empirical counterpart

to canonical smoothers among the four types, not literal frictionless PIH agents or calibrated

buffer-stock model agents. The mapping remains imperfect because observed individual MPCs

combine persistent behavior with idiosyncratic consumption noise, and because true frictionless

PIH responses may be too small to distinguish empirically from near-rational inattention, so such

consumers may be assigned to the Passive Saver group.

The auxiliary moments support this interpretation. Active Savers have relatively high liquid-
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ity, few overdrafts, and indicators of financial sophistication. They also pull spending forward

when liquidity or available credit is high (Table 9), and their pre-MPC responds strongly to news

coverage (Table 10). These patterns suggest consumers who are attentive and able to adjust the

timing of spending when it is useful to do so, including through the timing of larger expenditures

around income receipt (Attanasio and Weber, 2010; Aaronson et al., 2012).

6.2 Passive Savers Ñ Near-Rational Inattention
Passive Savers have near-zero pre-payment MPCs and small post-payment MPCs. They look

similar to Active Savers on several observables: they have high liquidity, high income, few over-

drafts, and low financial distress. However, their consumption responses are much less active.

Their pre-MPC is close to zero, and Tables 9 and 10 show little response to liquidity or salience.

This pattern is consistent with near-rational inattention. Their low payment-to-income ra-

tio supports this interpretation. These consumers have the resources to smooth, and the wel-

fare gains from reacting to small predictable payments may be low (Akerlof and Yellen, 1985;

Cochrane, 1989; Kueng, 2018). Hence, the muted response need not reflect binding constraints; it

can reflect limited attention or small perceived benefits from re-optimizing around each payment.

6.3 Active Spenders Ñ Present Biased
Active Spenders have large pre- and post-payment MPCs. Their pre-payment MPC is more

than twice as large as the Passive Spenders’ pre-MPC and about three times as large as the

Active Savers’ pre-MPC. They therefore appear to anticipate future payments, but they do not

merely shift spending from after receipt to before receipt; they continue to display high post-

payment MPCs after the payment arrives. This combination is consistent with present bias, high

impatience, or hyperbolic discounting (Shea, 1995; Angeletos et al., 2001; Aguiar et al., 2025).

The auxiliary moments point in the same direction. Active Spenders have low liquidity, low

available credit, many overdrafts, high APC, and low indicators of financial sophistication. Their

pre-MPC is also highly responsive to liquidity (Table 9). These consumers are attentive enough

to pull spending forward when they can, but their high post-payment MPC and financial distress

are consistent with difficulty smoothing consumption over time. At the same time, they continue

to exhibit elevated consumption following the arrival of the payment, possibly reflecting time-

inconsistency in their consumption plans. This time-inconsistency, or difficulty following plans

more generally, is also reflected in the very high number of overdraft fees they incur.

The composition of the spending response further supports this interpretation. Rows 4 and 5

of Table 8 show that Active Spenders have the highest ratio of nondurable response to total

consumption response, consistent with impatience and a preference for immediate gratification

(Angeletos et al., 2001; Laibson et al., 2022).

6.4 Passive Spenders Ñ Mental Accounting
Passive Spenders have high post-payment MPCs but much smaller pre-payment MPCs. They

spend when income arrives, but they do not pull much spending forward. This timing pattern
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is consistent with mental accounting: the payment matters when it is received or labeled as

available income, even if the payment was predictable beforehand (Thaler, 1985; Shefrin and

Thaler, 1988; Hastings and Shapiro, 2013).

The auxiliary moments again help distinguish this group from Active Spenders. Passive

Spenders experience financial distress and have low liquidity, but less extreme values than Active

Spenders. This may explain why many studies would typically group the two spender types

together as liquidity constrained, while more recent work has emphasized mental accounting

as a separate mechanism (Bernard, 2023; Mijakovic, 2023). More importantly, their pre-MPC is

not very responsive to liquidity, credit, or salience. Thus, the high post-payment MPC does not

appear to reflect only temporary borrowing constraints. It instead looks like a stable tendency to

spend when the income arrives.

6.5 Discussion
The mapping is not one-to-one. No single model should be expected to match every auxiliary

moment in Table 8, Table 9, and Table 10. Active and Passive Savers both have small post-payment

MPCs, but only Active Savers pull spending forward when payments are salient. Active and

Passive Spenders both have high post-payment MPCs, but only Active Spenders display large

anticipatory responses.

This distinction matters for modeling. A one-dimensional saver-spender split can capture

the post-payment MPC distribution, but it misses the timing dimension revealed by predictable

payments. The joint distribution of pre- and post-payment MPCs instead points to two margins:

the saver-spender margin, which governs the level of excess sensitivity to income arrival, and the

active-passive margin, which governs whether consumers respond before the payment arrives.

This is why the four types are useful even though individual MPCs are noisy, type assignment is

imperfect, and the model mapping remains interpretive.

7 Conclusion
This paper leverages a rich set of comprehensive and high-frequency financial transaction data

to examine how individuals respond to a wide range of federal and state transfer programs in

the United States. In this setting, we aim to describe how spending responds both prior to and

following the arrival of these income shocks. We document three main findings that highlight

the importance of mapping out heterogeneity across individuals in their marginal propensities

to consume (MPCs).

First, we show that consumers exhibit small but statistically significant spending increases in

the days leading up to anticipated income payments. These pre-payment responses – pre-MPCs

– are much smaller than the substantial post-payment MPCs that follow the arrival of income,

but are robust across a wide range of income events.

Second, by estimating individual-level MPCs across multiple events per person, we find that

both pre- and post-MPCs exhibit considerable heterogeneity, but are positively correlated within

individuals over time. This within-person correlation is inconsistent with standard models that
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attribute excess sensitivity entirely to binding liquidity constraints. Moreover, after conditioning

on individual-level fixed effects, we note that directly observable measures of income and liquid-

ity no longer exhibit the “predicted” relationship with post-MPCs. These findings suggest that

persistent behavioral traits play a central role in shaping consumption dynamics, and that finan-

cial observables such as liquidity or income alone cannot fully explain observed heterogeneity in

consumption responses.

Finally, we use the joint distribution of individual-level pre- and post-MPCs to classify con-

sumers into meaningful behavioral types. These empirically derived types align closely with four

theoretical archetypes: present-biased consumers, rational agents, mental accountants, and ratio-

nally inattentive consumers. The assignment of individuals to these clusters correlates with a

wide range of untargeted outcomes – including average levels of liquidity, income, and financial

sophistication – and also produces groups that respond distinctly to news, payment size, and

liquidity. These results highlight the importance of incorporating anticipatory behavior when

distinguishing between behavioral mechanisms. In particular, we show that anticipatory MPCs

are crucial to separating present biasedness from mental accounting, two mechanisms that yield

similarly high post-MPCs but differ sharply in their pre-payment behavior.

Together, these findings have implications for both macroeconomic theory and policy de-

sign. From a theoretical perspective, our results challenge models that assume a one-dimensional

source of heterogeneity, such as liquidity constraints, and instead favor frameworks that incor-

porate behavioral frictions, limited attention, and present bias. From a policy perspective, our

results suggest that anticipation effects, although modest in size, are pervasive and systematically

related to both the salience of the policy and the behavioral traits of the targeted population. As

such, failing to account for these effects may lead to biased estimates of the full consumption

response and thus mischaracterize the effectiveness and distributional impact of fiscal transfer

programs.
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Figure 1: Distribution of Post-Payment MPCs
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(b) Volatility of Within-Person Average Post-MPCs (Composition-Free)

Notes. Panel (a) plots the distribution of one-month post-payment MPCs of nondurables. The red solid line shows the kernel density
of the distribution of single user-by-event MPCs. The blue dashed line then plots the same distribution after averaging these user-
events across all events within a user. Finally, the black dotted line represents the distribution of averaged user-level MPCs for only
those users where we observe 10 or more income events. Panel (b) traces how the dispersion of within-person average post-MPCs
declines as more events are averaged per individual and addresses a composition concern: individuals observed for many events
might differ from those observed for few events. We therefore fix the population to the N = 13,490 individuals observed in at least
K = 10 income events. For each E = 1, . . . , 10 we draw E of that individual’s events at random, compute the within-person average
post-MPC, and take its standard deviation across individuals (solid dots, averaged over 200 Monte Carlo draws; shaded band is
bootstrapped 95% CI resampling individuals). Because the same individuals enter at every E, the decline reflects pure averaging, not
composition. We compare this decline to two nulls. Under the homogeneous null (dashed line), all individuals share one true MPC
and all dispersion is i.i.d. event-level noise, so the within-person average has standard deviation sd(E) = σpop/

?
E. σpop = 78.1% is

the standard deviation of individual event-level post-MPCs in the same fixed sample, before averaging. Under the heterogeneous null
(solid line), MPCs differ persistently across individuals with standard deviation σtrue and each event adds independent noise with
standard deviation σnoise: sd(E)2 = σ2

true + σ2
noise/E. σ2

true is the intercept of an OLS regression of sd(E)2 on 1/E over E = 1, . . . , 10,
and σ2

noise = σ2
pop ´ σ2

true. This yields σtrue = 17.8% and σnoise = 76.1%. Appendix Figure A.4 shows that σtrue lies between 17.4% and
19.0% for thresholds K = 4, . . . , 11 and declines at higher thresholds, where the sample becomes very small (N = 726 at K = 16).



Figure 2: Relationship Between Within-Person Average Pre- and Post-MPCs

Notes. This figure displays a bin-scatter plot of the one-week within-user average pre-payment MPC against the one-week average
post-payment MPC across all events for each user, where each underlying observation represents a user.



Figure 3: Payment Sensitivity (Post-MPC ´ Pre-MPC) by Event Salience

Notes. Displayed are two kernel densities of the ‘dynamic slope’, i.e., the difference (Post-MPC ´ Pre-MPC) at a user-event level,
which reflects an individual’s payment or cash flow sensitivity of consumption. We measure the salience of each event based on the
fraction of newspaper articles written about the event in the local media market. We then split the sample into a top and bottom half
of salience and plot the two sub-samples separately.



Figure 4: Clustering of Consumer Types Based on Pre- and Post-MPCs

Notes. This figure shows a density contour plot of individual-level average one week pre- and post-payment MPCs. The individual-
level averages are calculated by taking the average of each measure for all events observed within each individual. Each individual
is assigned to a cluster based on our k-means clustering algorithm and each cluster is represented by a different color. The darker
color contours represent higher density areas.



Table 1: Summary Statistics

Obs. Mean Std. Dev P5 P25 P50 P75 P95

Panel A: Spending characteristics

Total Spending
Monthly 6,801,149 5,174 4,367 92 2,116 4,165 7,115 13,486
Daily 205,747,911 171 420 0 0 20 149 809

Nondurable Spending
Monthly 6,801,149 2,881 2,443 19 1,136 2,322 4,001 7,563
Daily 205,747,911 95 210 0 0 9 97 453

Panel B: Household characteristics

Monthly Income 6,801,149 6,026 5,987 0 2,127 4,499 8,051 17,604
Bank Balances 87,187 20,123 71,673 0 388 1,567 5,960 100,023
Available Credit 70,202 14,509 12,215 228 5,112 12,476 20,617 37,108
Credit Ratio 70,184 0.7190 0.2985 0.0549 0.5583 0.8441 0.9533 0.9987
Overdrafts 363,348 0.5804 3.9763 0 0 0 0 2

Panel C: Payment transaction characteristics

COVID Stimulus 1 29,684 2,222 1,018 1,200 1,200 2,400 2,900 3,900
COVID Stimulus 2 26,968 1,352 864 600 600 1,200 1,800 3,000
COVID Stimulus 3 30,091 3,275 2,115 1,400 1,400 2,800 4,200 7,000
Child Tax Credit 82,510 464 262 167 250 450 550 1,000
Alaska PF Dividend 15,467 3,538 3,077 992 1,600 2,750 4,456 9,852
Tax Refund 329,413 2,714 3,771 63 560 1,549 3,780 8,647
Paycheck 11,197,958 1,883 1,648 208 743 1,482 2,490 4,955

Notes. Panel A presents the monthly and daily income and spending amounts. Panel B presents financial characteristics of each
user across the events. Note that the bank account balances and available credit amounts are not available for all individuals. Panel
C presents the changes in income from fiscal events. Child Tax Credit transactions include monthly transactions for six months.
Alaska PF Dividend is the annual transfer to Alaskan residents from the Alaska Permanent Fund.



Table 2: Event Dates

Date of Date of Predicted Announcement: Salience Measures:
Event Payment Announcement Google Search Newspapers G-Search Newsp.

Panel A: One-off events

COVID Stimulus 1 4/11/2020 3/27/2020 3/25/2020 3/27/2020 21 57
COVID Stimulus 2 12/29/2020 12/21/2020 12/21/2020 12/23/2020 33 60
COVID Stimulus 3 3/17/2021 3/11/2021 3/13/2021 3/11/2021 86 80

Panel B: One-time monthly payments for 6 months

Child Tax Credit 7/15/2021 3/11/2021 7/13/2021 5/17/2021 43 10
8/13/2021
9/15/2021

10/15/2021
11/15/2021
12/15/2021

Panel C: Once every year

Alaska PF Dividend 10/04/2012 09/18/2012 9/18/2012 9/19/2012 21 20
10/03/2013 09/17/2013 9/18/2013 9/5/2013 20 20
10/02/2014 09/17/2014 9/17/2014 9/18/2014 19 19
10/01/2015 09/21/2015 9/21/2015 9/21/2015 29 29
10/06/2016 09/23/2016 9/23/2016 9/29/2016 39 26
10/05/2017 09/15/2017 10/3/2017 9/27/2017 49 28
10/04/2018 05/14/2018 10/2/2018 8/15/2018 64 6
10/03/2019 09/27/2019 9/27/2019 9/27/2019 53 25
07/01/2020 06/12/2020 6/29/2020 5/29/2020 49 20
10/11/2021 09/30/2021 10/8/2021 9/30/2021 25 40
09/20/2022 09/08/2022 9/8/2022 9/8/2022 35 36

Tax Refund Various Filing date

Notes. This table presents the announcement and payment dates of each income change used that is induced by fiscal policy events
and measures of event salience. The date of payment reflects when the actual payment was made. The date of announcement is a
subjective measure based on our reading of news media. The predicted announcement dates are based on our two salience measure.
For each one, the date reflects the highest salience measure recorded before the date of payment. For our salience measures, both of
the columns G-Search (i.e., Google Search) and Newspaper reflect the average salience measure over the period that starts from the
predicted announcement date and ends at the date of payment. The search measure is a relative score between 0 and 100 while the
newspaper value is the number of daily articles related to the event divided by the total number of articles published in the relevant
state for the relevant event, scaled by 100.



Table 3: Replication of Previous Studies’ Post-Payment MPCs out of Fiscal Transfers

Original Study

Event Paper Main Estimand Result Replication

Panel A: Fiscal transfers

COVID Stimulus 1 Baker et al. (2023) 1-month MPX 0.22 0.22
Child Tax Credit Schild et al. (2023) 3-month MPC 0.41 0.37
Alaska PF Dividend Kueng (2018) 1-month MPC 0.11 0.10
Tax Refund Graham et al. (2025) 1-month MPX 0.42 0.37

Panel B: Salary receipts

Paycheck Income Gelman et al. (2014) 1-day MPX 0.07 0.06

Notes. This table presents the replication results of existing papers. The column ‘Main Estimand’ reports the 1-month MPX in
Baker et al. (2023), Table 3 (estimation period 2020.01–2020.08); the 3-month MPC in Schild et al. (2023), Table 10 (2019.01–2022.03);
the 1-month MPC in Kueng (2018), Figure 3 (2010–2014); the 1-month MPX in Graham and McDowall (2025), Figure 2 (2014–2015);
and the 1-day MPX in Gelman et al. (2014), Table S3 (2012–2013). Alaska PF Dividend is the annual transfer to Alaskan residents
from the Alaska Permanent Fund. All estimated responses are what we label post-payment MPCs respectively MPXs, which measure
the additional consumer spending after receiving the fiscal transfer relative to some baseline spending before the transfer.



Table 4: Nondurable Spending Responses to Income Changes Around the Payment Date

Post-MPC Pre-MPC

Event 1-week 1-month 3-month 1-week

Panel A: One-off events

COVID Stimulus 1 0.0556*** 0.1499*** 0.2334*** 0.0107***
(0.0019) (0.0046) (0.0099) (0.0015)

COVID Stimulus 2 0.0816*** 0.1168*** 0.0133***
(0.0030) (0.0068) ( 0.0027)

COVID Stimulus 3 0.0524*** 0.1406*** 0.1575*** 0.0117***
(0.0015) (0.0035) (0.0069) (0.0012)

Panel B: One-time monthly payments for 6 months

Child Tax Credit 0.1258*** – – 0.0313***
(0.0064) (0.0062)

Panel C: Once every year

Alaska PF Dividend 0.0799*** 0.2116*** 0.3795*** 0.0224***
(0.0031) (0.0075) (0.0180) (0.0019)

Tax Refund 0.0317*** 0.0894*** 0.1491*** 0.0054***
( 0.0018) (0.0051) (0.0090) (0.0005)

Panel D: Periodically

Monthly Paycheck 0.0769*** – – 0.0214***
(0.0010) (0.0006)

Notes. This table presents the responses of spending on nondurables and services to predictable income changes around the
payments dates. The 3-month post-MPC for COVID Stimulus 2 is omitted because it overlaps with the pre-MPC of COVID
Stimulus 3, which occurred 11 weeks later; see Appendix Figure A.3. Similarly, we report only the one-week post-MPC of
the Child Tax Credit because of the recurring payments two to six months after the initial payment. Date and individual by
day-of-month fixed effects are included in all specifications. Standard errors clustered at the individual level are reported in
parentheses. *** p<0.01, ** p<0.05, * p<0.1.



Table 5: Persistence of Pre- and Post-Payment MPCs within Person

Pre-Payment MPC Post-Payment MPC

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

Lagged Pre-MPC 0.0703*** 0.0487***
(0.0123) (0.0158)

Lagged Pre-MPC ˆ High News 0.0708
(0.0955)

Lagged Pre-MPC ˆ Repeat Event 0.0518**
(0.0251)

Lagged Post-MPC 0.349*** 0.257***
(0.0108) (0.0139)

Lagged Post-MPC ˆ High News 0.247***
(0.0840)

Lagged Post-MPC ˆ Repeat Event 0.211***
(0.0206)

Observations 313,285 313,285 313,285 313,285
R2 0.002 0.003 0.016 0.017

Date and Event FE YES YES YES YES
Financial Controls YES YES YES YES

Notes. Dependent variables are the marginal propensity to consume out of payments in the week before (Pre-MPC) or the week
after (Post-MPC) the income’s arrival. Lagged values represent the relevant MPC value from the most recent prior event for a given
user. For example, for an individual the pre- and post-MPCs out of say the April 2021 tax refund might be the lagged pre- and
post-MPCs for the pre- and post-MPCs out of the Child Tax Credit in July 2021. High News refers to events where both the event and
lagged event were in the top quartile of news coverage. Repeat Event refers to events in which both the event and lagged event were
not the first of an event type. Financial controls include a moving average of bank balances, available credit card credit, income, and
incurred overdrafts. Standard errors clustered at the individual level are reported in parentheses. *** p<0.01, ** p<0.05, * p<0.1.



Table 6: Event Salience and Pre- and Post-Payment MPCs

Post-MPC, 1m Post-MPC, 1w Pre-MPC, 1w Post MPC - Pre MPC, 1w
(1) (2) (3) (4)

State News Coverage 2.157*** -0.271** 0.377*** -0.649***
(0.253) (0.106) (0.099) (0.130)

Observations 344,308 359,209 359,209 359,209
R2 0.190 0.184 0.147 0.161
User FE YES YES YES YES
Year FE YES YES YES YES
Financial Controls YES YES YES YES

Notes. This table presents regressions of pre- and post-MPCs on event salience. Financial controls include a moving average of
bank balances, available credit card credit, income, and incurred overdrafts. Standard errors clustered at the individual level are
reported in parentheses. *** p<0.01, ** p<0.05, * p<0.1.



Table 7: Liquidity and Pre- and Post-Payment MPCs (in %)

Post-MPC, 1m Post-MPC, 1w Pre-MPC, 1w

(1) (2) (3) (4) (5) (6)

ln(Bank Balance) -0.862*** 0.0325 -0.322*** 0.00474 0.0146 0.216***
(0.0873) (0.219) (0.0332) (0.0851) (0.0295) (0.0759)

ln(Available Credit) -1.201*** 0.372** -0.382*** 0.177** -0.148*** 0.180***
(0.0812) (0.189) (0.0311) (0.0717) (0.0272) (0.0643)

Num Overdrafts 0.249*** 0.0816*** 0.104*** 0.0420*** 0.0102** -0.00384
(0.0189) (0.0207) (0.00637) (0.00767) (0.00512) (0.00731)

Observations 345,005 345,005 345,005 345,005 345,005 345,005
R2 0.018 0.194 0.020 0.202 0.014 0.166

Date and Event FE YES YES YES YES YES YES
User FE YES YES YES
Notes. Dependent variables are the marginal propensity to consume out of income payments in the month after (Post-Payment

MPC) in columns 1–2, the week after (Post-Payment MPC) in columns 3–4 or the week before (Pre-Payment MPC) the income’s arrival
in columns 5–6. Bank balances, available credit (credit card utilization), and overdraft counts are all measured as the average of the
stated variable across the four quarters prior to the arrival of the payment. Coefficients multiplied by 100 for readability. Standard
errors clustered at the individual level are reported in parentheses. *** p<0.01, ** p<0.05, * p<0.1.



Table 8: Individual Characteristics by Consumer Type and by Liquidity

By Pre- and Post-MPCs

Savers: Spenders: By Liquidity:
Active Passive Active Passive Low (Q1) High (Q4)

Panel A: Consumption

Nondurable Post-MPC, 1-week 0.0528*** 0.0329*** 0.2624*** 0.1490*** 0.0860*** 0.0472***
(0.0015) (0.0024) (0.0067) (0.0028) (0.0038) (0.0034)

Nondurable Pre-MPC, 1-week 0.0381*** 0.0052** 0.1162*** 0.0294*** 0.0293*** 0.0270***
(0.0013) (0.0021) (0.0050) (0.0017) (0.0023) (0.0027)

Total Post-MPX, 1-week 0.1036*** 0.0710*** 0.4063*** 0.2348*** 0.1487*** 0.0881***
(0.0028) (0.0044) (0.0108) (0.0046) (0.0064) (0.0059)

Total Pre-MPX, 1-week 0.0543*** 0.0064* 0.1557*** 0.0433*** 0.0379*** 0.0393***
(0.0023) (0.0036) (0.0079) (0.0028) (0.0038) (0.0052)

Salary Post-MPC 0.0619*** 0.0296*** 0.1895*** 0.1118*** 0.0862*** 0.0417***
(0.0012) (0.0017) (0.0050) (0.0023) (0.0027) (0.0023)

Salary Pre-MPC 0.0358*** 0.0061*** 0.0970*** 0.0296*** 0.0207*** 0.0212***
(0.0009) (0.0015) (0.0034) (0.0015) (0.0019) (0.0019)

Average Prop. to Cons. (APC) 0.91 0.91 1.00 0.97 0.98 0.90

Panel B: Liquidity

Bank Balances 11489 15263 5498 6693 276 33895

Available Credit 14020 15768 10069 11188 2599 25161

Credit Ratio 0.74 0.76 0.59 0.63 0.36 0.88

Number of Overdrafts 1.25 0.99 4.51 2.67 4.83 0.96

Panel C: Income

Income 81349 87610 65182 72995 61471 103815

Payment-to-Income Ratio 0.05 0.04 0.04 0.05 0.05 0.04

Income Variation 0.04 0.04 0.04 0.04 0.03 0.04

Panel D: Financial Sophistication

Investment Deposits 3692 4267 2332 2552 2085 5518

Finance Employee 0.07 0.09 0.04 0.04 0.03 0.10

Panel E: Mapping to Models

Model Class Canonical Near-Rational Present Mental Canonical Macro:
Macro/PIH Inattention Biased Accounting Constrained Unconstrained

Number of Observations 169,574 82,543 21,911 89,548 37,906 41,389
Number of Users 21,540 11,851 4,538 12,361 9,028 8,371

Notes. This table reports the means of variables for different sub-samples. The MPCs in the first three rows do not use predictable
income changes from tax refunds and regular salary paychecks. MPCs from these events, which are observed much more frequently,
are reported separately in the following rows. Income Variation is measured as the volatility of monthly income within a year divided
by average income in the same year. Finance Employee is an indicator for an individual who received a salary from a financial
institution during the sample period. Low Liquidity refers to the bottom quartile of both bank balances and available borrowing
capacity on the credit card. High Liquidity refers to users in the top quartile along the same metric.



Table 9: Liquidity, Credit, and Differences in Pre- and Post-MPCs, by Type

Savers: Spenders:
Active Passive Active Passive

Panel A. Difference: Post-MPC ´ Pre-MPC (in %)

ln(Bank Balance) -0.161*** 0.0509 -0.830*** -0.130
(0.0470) (0.0640) (0.213) (0.0832)

ln(Available Credit) -0.268*** -0.0130 -1.156*** -0.0433
(0.0428) (0.0601) (0.195) (0.0729)

R2 0.009 0.002 0.006 0.022

Panel B. Pre-payment MPC (in %)

ln(Bank Balance) 0.0692** 0.0007 0.347*** -0.0766
(0.0313) (0.0427) (0.133) (0.0583)

ln(Available Credit) 0.0723** -0.00215 0.662*** -0.258***
(0.0286) (0.0402) (0.120) (0.0511)

R2 0.010 0.025 0.033 0.013

Observations 169,574 82,543 21,911 89,547
Event FE YES YES YES YES
Year FE YES YES YES YES

Model Class Canonical Near-Rational Present Mental
Macro/PIH Inattention Biased Accounting

Notes. Dependent variables are the marginal propensity to consume (MPC) out of income payments in the week before (Pre MPC,
panel B) and the difference of this pre MPC and the post MPC the week after the income’s arrival (panel A). Dependent variables
multiplied by 100 for display purposes. Bank balances and available credit are measured as the average of the stated variable across
the four quarters prior to the income’s arrival. *** p<0.01, ** p<0.05, * p<0.1.



Table 10: Payment Size, Salience and MPCs, by Consumer Type

Savers: Spenders:
Active Passive Active Passive

Panel A. Post-MPC

ln(Shock Amount) -0.030*** 0.096*** -0.224*** -0.107***
(0.004) (0.005) (0.010) (0.006)

R2 0.145 0.167 0.258 0.164

Panel B. Pre-MPC

State News Coverage 0.486*** 0.227 0.409 0.028
(0.130) (0.197) (0.426) (0.181)

R2 0.092 0.109 0.149 0.100

Observations 168,055 81,503 21,155 88,496
Event FE YES YES YES YES
Year FE YES YES YES YES
Financial Controls YES YES YES YES

Model Class Canonical Near-Rational Present Mental
Macro/PIH Inattention Biased Accounting

Notes. Panel A presents results of regressions of Post-MPCs on the logged payment amount. Panel B displays results of regressions
of Pre-MPCs on the amount of news coverage for a particular event in the state of residence for an individual. Financial controls
include a moving average of bank balances, available credit card credit, income, and incurred overdrafts. Standard errors clustered
at the individual level are reported in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Anticipatory Spending
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A Data Appendix

A.1 Individual MPCs and Consumption Noise
This appendix expands on the within-person design behind Panel (b) of Figure 1 and on the two

appendix figures that support it, Figures A.4 and A.5.

The decomposition.— Write the MPC estimated for individual i at event e as β̂i,e = βi + νi,e,

where βi is the individual’s persistent MPC and νi,e is event-level consumption noise with mean

zero, independent across events. Averaging E of that individual’s events gives var
(

β̄i(E)
)
=

σ2
true + σ2

noise/E, with σ2
true = var(βi) and σ2

noise = var(νi,e). This is an identity in 1/E rather than a

testable restriction. Hence, the regression of sd(E)2 on 1/E fits almost perfectly by construction,

with R2 above 0.999 in our data, and we report σtrue with a bootstrap confidence interval instead

of a goodness-of-fit statistic. What the data do test is whether the intercept is zero: σtrue = 0 is

the homogeneous-MPC null, and the bootstrap rejects it decisively – the 95% CI is [16.4, 18.9].

The role of the threshold K.— K is not a tuned parameter. It defines the population, since

the sample consists of individuals observed in at least K income events (i.e., individuals with

Ei ě K) and at most E = K events are averaged within that fixed sample. Raising K therefore

trades a longer averaging path against a smaller and more selected population. Figure A.4 maps

this trade-off. Panel (a) shows that the qualitative pattern ´ dispersion declining but flattening

above the homogeneous benchmark ´ holds at every K, with curves shifted down for larger K.

Panel (b) shows that event noise dominates the level of single-event dispersion at every K, with

σnoise between 70% and 81% against a σtrue of 10–19%. Panel (c) shows that σtrue(K) lies between

17.4% and 19.0% for K = 4, . . . , 11 and declines at higher thresholds, where the sample thins to

726 individuals at K = 16. Panel (d) shows the reason: as K rises, the sample population shifts

sharply toward the Alaska Permanent Fund Dividend (APFD), from 4% of events at K = 4 to

38% at K = 16. The APFD events are fixed-date, known-amount annual transfers whose single-

event MPCs are therefore cleaner to measure. We set K = 10 for the main figure. It sits inside

the plateau of σtrue(K), and its sample of 13,490 individuals is about three times the sample at

K = 13, which tightens the confidence interval.

The implied share of persistently negative MPCs.— Figure A.5 applies the same design to

the share of consumers whose within-person average post-MPC is negative. As E Ñ 8, the

heterogeneous null approaches Φ
(
´µpop/σtrue

)
= 19.0% at µpop = 15.6% and σtrue = 17.8%,
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an estimate of the share of consumers who hold a persistently negative one-month post-MPC.

Two caveats limit its interpretation. First, the null applies a normal approximation, and it over-

predicts the observed share at every E, by 0.7 percentage points at E = 1 and 1.2 points at E = 10.

Since the E = 1 gap involves no averaging and no fitting, it isolates the approximation error: the

MPC distribution is right-skewed (see Figure 1(a)) and places less mass far below the mean than

a normal with the same first two moments. Hence, 19.0% is likely an upper bound. Second,

σtrue mixes ex-ante heterogeneity of consumer types with ex-post heterogeneity from temporary

circumstances, so not all of this share need reflect a stable trait.

Comparison with the literature.— Section 4.2 compares our estimates to the literature. Here

we record the design differences behind those comparisons, which are large enough that the

numbers should be read as indicative rather than as directly comparable. Horizons differ (one

month here, a quarter in Misra and Surico 2014 and Lewis et al. 2026, four weeks in Boehm et

al. 2025, three months in Fuster et al. 2021, and unspecified in Jappelli and Pistaferri 2014), as

do the spending measures (nondurables here, total expenditure including durables in the CEX

studies, card transactions in the French experiment, and self-reported spending or donations in

the surveys). Durables are both larger and more dispersed, so estimates that include them are

not comparable to ours in level or in spread.

Two features separate the designs more fundamentally than horizon or category. The first is

whether the response is revealed or stated. Studies that infer the response from observed spending

inherit the full event-level consumption noise that we measure, whereas surveys that ask directly

do not, because the respondent reports the causal response rather than leaving it to be extracted

from spending that moves for many other reasons. That is not the same as being free of measure-

ment error: stated responses remain subject to inattention, rounding, and heaping, and Fuster et

al. (2021) report that 74% of respondents state an MPC of exactly zero. The second is whether

the design can produce a negative MPC at all. Jappelli and Pistaferri (2014) cannot, since the

interviewer enforces that the stated spend and save shares sum to 100; Fuster et al. (2021) can,

and do not restrict answers to [0, 1]; Boehm et al. (2025) can in principle but constrain the support

to be positive in their baseline, motivated by the similarity of the treated and control left tails,

while conceding that the constraint is unnecessary and reporting the unconstrained estimate in

their Figure A25; and Lewis et al. (2026) impose no constraint, yet cannot deliver a negative

household MPC once every estimated group MPC is positive, because each household’s MPC is

a posterior-weighted average of them.

The one design in the literature that resembles ours is Jappelli and Pistaferri (2020), who

ask the same households the same hypothetical question in two waves six years apart. Their

Figure 3 plots the within-household change in the reported MPC. It has a mode at zero, but the

mass is spread across the whole [´1, 1] range, with secondary spikes at ˘0.5 that are simply

the differences between the focal answers 0, 0.5, and 1. The authors model this variation as

classical measurement error and difference it away in order to identify the sensitivity of the MPC

to cash on hand. Hence, even stated MPCs are far from stable within a person, which is the

same phenomenon that σnoise = 76.1% measures in our setting, arrived at from a very different
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direction. Their design, however, cannot separate the persistent and transitory components: with

a single hypothetical windfall per wave, the split between fi and νit in their notation is assumed

rather than estimated.

A.2 Cluster Assignments

A.2.1 Within-Person Persistence of Cluster Assignments

We formalize this stability using a normalized purity measure that quantifies how consistently

each individual is assigned to the same cluster across income events.

Let income transfer events be indexed by e. Ei counts the number of income transfer events

that individual i is exposed to during the sample period. We restrict the sample to individuals

who face at least 5 income events, i.e., Ei ě 5.

Cluster definitions are estimated once at the user level (k-means on users’ mean pre- and

post-payment MPCs across events, as in Section 5); each individual-event observation is then

assigned to the type whose user-level centroid is nearest in the two-dimensional space of one-

week pre- and post-payment MPCs, the same construction used for the transition analysis in

Appendix Table A.6. This yields an unbalanced panel of type assignments gi,e P t1, . . . , ku with

panel dimension Ei. gmod
i denotes the number of observations in individual i’s modal cluster

across all events.

We measure the within-person persistence of cluster assignments – which we call purity – by

the ratio of the number of observations in an individual’s modal cluster to the total number of

observations:

purityi =
gmod

i
Ei

. (A.1)

The minimum possible modal count, rEi/ks, is not the expected modal count under random

assignment: the expected maximum of multinomial counts strictly exceeds this floor in small

samples, and unequal cluster shares raise it further. With the largest type containing 43% of

consumers, expected purity under random assignment is 0.461 at k = 4, far above the rEi/ks/Ei

benchmark. We therefore benchmark observed purity against an empirical permutation null: we

randomly reassign the pool of event-level type labels across all events—preserving the aggregate

assignment distribution, including unequal type shares, and each individual’s event count Ei—

and recompute mean purity, averaging over 200 draws. Our headline persistence statistic is the

chance-corrected normalized purity applied to the sample mean,

purity˚ =
purity ´ E

[
purity | random

]
1 ´ E

[
purity | random

] , (A.2)

which equals zero in expectation under random assignment and one under perfect persistence.

The permutation distribution also delivers a standard error for observed purity under the null

and an exact p-value with minimum 1/201.
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A.2.2 Event-to-Event Persistence of Type Assignments

Our second persistence test examines the structure of type assignments across consecutive in-

come events within person. Event-level assignments follow the same construction as Appendix A.2.1:

each individual-event observation is assigned to the consumer type whose user-level cluster cen-

troid is nearest in the two-dimensional space of one-week pre- and post-payment MPCs. For

each individual, we then pair every event with that individual’s next observed event in calendar

time, yielding 289,591 within-person event-to-event transitions.

Let πij denote the probability of assignment to type j at the next event conditional on assign-

ment to type i at the current event, and let πj denote the unconditional probability of assignment

to type j at the next event. Appendix Table A.6 reports the normalized transition probabilities

πij/πj. A value of one indicates that the current assignment carries no information about the

next; values above (below) one indicate that the transition occurs more (less) often than under

independence. This normalization is essential because the marginal type shares are unequal:

raw conditional probabilities would show large same-type shares for the biggest types purely

mechanically.

We summarize aggregate persistence with Cohen’s κ = (po ´ pe)/(1 ´ pe), where po is the

observed share of transitions that remain in the same type and pe =
ř

i Pr(current = i)Pr(next =

i) is the same-type share expected from the marginal distributions alone. κ equals zero when

assignments are serially independent given the marginals and one under perfect persistence.

Inference uses the same permutation null as the purity statistic in Appendix A.2.1: we ran-

domly reassign the pool of event-level type labels across all events—preserving the aggregate

assignment distribution and each individual’s event count and event ordering—and recompute

the transition matrix and κ for each draw. Because the reshuffle preserves the marginals, the null

distribution of κ is centered at zero and that of each normalized cell at one; the draws deliver a

standard error under the null and an exact p-value with minimum 1/(draws + 1).

In the data, κ = 0.060, far outside the permutation null (standard error « 0.0011, p ă 0.01).

The cell-level structure of the deviations is discussed in Section 5.3 and reported in Table A.6.

A.2.3 Out-of-Sample Validation: Type Assignment from Salary Responses

The persistence statistics in Section 5.3 and Appendix A.2.1 are computed on the same events that

define the types. As an out-of-sample check, we ask whether a user’s spending response around

regular paycheck receipt—estimated pre- and post-payment MPCs from salary events—assigns

the user to their own type. To make the test valid, we re-estimate the user-level k-means clusters

(k = 4) on users’ mean pre- and post-payment MPCs computed excluding the salary observations,

and assign each user’s salary response to the nearest resulting centroid. This leave-out step

matters: were salary responses included in the user means, a user’s own salary numbers would

mechanically pull their mean—and hence their cluster—toward themselves, overstating the test’s

success. Because the salary numbers play no role in either the user means or the centroids they

are scored against, agreement between the salary-based assignment and the user’s cluster reflects

genuine informational content of a single income event about the user’s type.
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The salary response assigns 40.3% of users to their own type (N = 40,109). This exceeds the

25% implied by uniform random assignment, but the relevant benchmark must account for the

uneven type distribution: given the marginal shares of types and of salary-based assignments,

random pairing alone would produce 35.2% agreement. Against that benchmark, Cohen’s κ

is 0.078, and the permutation null is tightly concentrated at zero (standard error 0.003, exact

p ă 0.01 based on 200 draws). Cohen’s κ corrects for the marginal shares in the aggregate, but

it can still be disproportionately influenced by the largest type. We therefore also compute the

balanced accuracy of the salary-based assignment,

BA =
1
k

k
ÿ

j=1

Pr
(
salary-based assignment = j

ˇ

ˇ user’s type = j
)
, (A.3)

the mean per-type recall, which weights each type equally regardless of its population share. In

the data, BA = 31.2%. Its benchmark under random assignment is 1/k = 25%: under random

pairing, each type’s expected recall equals the marginal share of salary-based assignments to that

type, and these shares average to 1/k by construction. The salary response thus recovers types

at above-chance rates even when all four types are weighted equally, confirming that the out-of-

sample agreement in the headline 40.3% figure is not an artifact of the large Active Saver type.The

magnitude of this out-of-sample signal matches the event-to-event transition persistence (κ =

0.060, Table A.6) and the excess of within-person purity over its chance benchmark (Table A.5).

All three statistics deliver the same conclusion independently: any single income event carries

genuine but heavily noise-attenuated information about a consumer’s type, which is precisely

the pattern implied by stable behavioral traits observed through large idiosyncratic consumption

noise (Section 4.2), and why the classification is estimated from within-person averages across

many events.

A.2.4 Varying the Number of Clusters

With a two-dimensional joint distribution, using k = 4 clusters is a natural extension of the two

type grouping in Campbell and Mankiw (1989) and Mankiw (2000). In this section, we discuss

the robustness of our choice of k by showing the effect of using different numbers of clusters.

Figure A.6 plots the cluster classifications for k = 2, 3, 5, and 6. Starting at k = 2 generates

the typical high and low post-MPC clusters which tend to have the same average pre-MPC. This

is a typical split you would see when using some split that reflects liquidity constraints (liquidity,

income, age, etc). Going from 2 to 3 splits up the lower post-MPC cluster into 2 clusters which

we call canonical rational and near rational or inattentive consumers. Going to 3 to 4 allows us

to split the high MPC cluster into hyperbolic discounters and mental accountants. Moving from

4 to 5 takes the near rational or inattentive consumers and splits them into two groups based on

their pre-payment MPC. However, we think this isn’t a meaningful split as this cluster has a lot

of noise that is a result of their non-optimization. Going from 5 to 6 mainly cleaves off a portion

of the rational cluster into a higher MPC cluster that is somewhat of a scaled down version of

the hyperbolic discounters. Using k = 7 and above (not shown here) starts splitting qualitatively
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similar clusters into more extreme splits.

In terms of matching the clusters to theoretical models, the biggest gains come from going

from 2 to 3 and then 3 to 4. After k = 4, the algorithm is creating further quantitative refinements

of these categories which we think are not qualitatively important enough to warrant another

split. As discussed in the main text, we arrive at our preferred value of 4 because we believe that

it creates groups that map best to consumption models that are widely used in the literature.

A further validation of this choice is that the resulting cluster assignments exhibit system-

atic above-chance within-person stability across events—a pattern we would not expect if the

algorithm were simply partitioning noise.
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B Appendix Figures and Tables

Figure A.1: Alaska Permanent Fund Dividend News
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Notes. This figure shows expected amounts of the next Alaska Permanent Fund Dividend (black line) compared to the realized
dividend (blue dots). The dividend expectation series is based on a narrative analysis of Alaskan newspapers and extends the series
in Kueng (2018) to 2023.
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Figure A.2: Sources of Identifying Variation from the COVID Stimulus Programs

(a) COVID Stimulus 1: CARES Act of March 27, 2020

(b) COVID Stimulus 2: CRRSA Act of Dec. 29, 2020

(c) COVID Stimulus 3: ARP Act of March 11, 2021

Notes. These Figures are reproduced for convenience from Parker et al. (2022), Figure 2. CARES refers to the Coronavirus Aid,
Relief, and Economic Security Act of 2020; CRRSA to the Coronavirus Response and Relief Supplemental Appropriations respectively the
Consolidated Appropriations Act of 2021; and ARP to the American Rescue Plan Act of 2021.



Figure A.3: Nondurable Spending Responses Relative to Payment Date

(a) COVID Stimulus 1: 4/11/2020 (b) COVID Stimulus 2: 12/29/2020

(c) COVID Stimulus 3: 3/17/2021 (d) Tax Refund: 2012-2023

(e) Alaska Permanent Fund Dividend: 2012–2023

Notes. This figure plots the nondruable spending responses relative to payment date. We first estimate daily responses with the
following distributed lead and lag specification: ci,t =

ř90
s=´28 βs Amounti ˆ 1[t = s]it + αi,d(t) + αt + ui,t. We then combine the

estimates into weeks relative to the payment date. The solid line shows the aggregated point estimates of βs relative to one week
prior to the payment (i.e., week -1 is normalized to zero). The vertical bars show the 95% confidence interval. Standard errors are
clustered at the individual level. Date and individual-by-‘day of month’ fixed effects are included. Time relative to the payment date
is equal to zero on the day of receiving the transfer. Since the event windows of COVID Stimulus 2 and 3 partially overlap, panel (b)
is displaced by up to 7 weeks post-event.



Figure A.4: Robustness of Within-Person MPC Dispersion to the Minimum-Events Threshold K
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Notes. All four panels probe how the within-person dispersion of the average post-payment MPC (Panel (b) of Figure 1) depends
on the minimum-events threshold K, which defines the K-threshold sample (individuals observed in at least K income events;
CTC events are excluded throughout, as they have no one-month post-MPC). Panel (a) overlays the dispersion curves for several
thresholds: each fixes its own K-threshold sample and plots the standard deviation of the E-event within-person average against
E. The pattern ´ dispersion declining but flattening above the homogeneous-noise benchmark ´ is robust across K; curves start
lower for larger K because individuals with more frequent events have less noisy single-event MPCs. Panel (b) decomposes the
single-event dispersion σpop(K) (gray solid line) into the between-person component σtrue(K) (blue solid line with circle markers)
and the within-person event-noise component σnoise(K) (red dashed line), with σ2

pop = σ2
true + σ2

noise. This shows that event noise
dominates the level and drives the downward shift of the curves in Panel (a). Panel (c) plots the fitted asymptote σtrue(K) (blue
solid line with circle markers, left axis) with its 95% individual-bootstrap band and the sample size N(K) (gray dashed line, right
axis). The horizontal red dashed line is the naive cross-sectional estimate (6.8%) for reference: it imposes no threshold, but instead
assigns all 50,135 individuals to bins by their own event count Ei = 1, . . . , 22 (dropping bins with fewer than 20 individuals) and
fits sd(Ei)

2 = σ2
true + σ2

noise/Ei by WLS weighted by bin size. Because different individuals populate each bin, it confounds within-
person averaging over additional events with changes in the composition of the samples. σtrue(K) lies between 17.4% and 19.0% for
K = 4, . . . , 11 and exceeds the naive estimate at every K, by a factor of about 2.6 across that range, declining only among the very
heaviest-event individuals, where the sample also thins. Panel (d) shows the event-type composition of the K-threshold sample: as K
rises, the sample shifts sharply toward the Alaska Permanent Fund Dividend ´ a fixed-date, known-amount annual transfer whose
single-event MPC is therefore cleaner to measure ´ from 4% of events at K = 4 to 38% at K = 16, which explains the fall in σnoise

(Panel (b)) and, in part, in σtrue at high K.
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Figure A.5: Decline of the Share of Negative Within-Person Average MPCs, by Number of Events
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Notes. This figure is the composition-free (within-person) counterpart of Panel (b) of Figure 1. The population is fixed to individuals
observed in at least K = 10 income events (N = 13,490; CTC events are excluded, as they have no one-month post-MPC). For each
E = 1, . . . , 10 we draw E events at random from each individual, compute the within-person average one-month post-payment MPC,
and plot the share of individuals whose average falls below three thresholds ´ 0 (solid dots), ´5% (hollow circles), and ´10%
(hollow diamonds) ´ averaged over 200 Monte Carlo draws; the shaded band is the bootstrapped 95% CI on the headline (ă 0)
share, resampling individuals. Because the same individuals enter at every E, the decline reflects pure averaging, not composition.
Both nulls apply the central limit theorem to the within-person average, whose mean is µpop = 15.6%, and predict a negative share
of Φ

(
´µpop/sd(E)

)
, with sd(E) taken from the corresponding null in Panel (b) of Figure 1. Under the homogeneous null (dashed

line), sd(E) = σpop/
?

E, where σpop = 78.1% is the standard deviation of individual event-level post-MPCs in the same fixed sample.
Under the heterogeneous null (red solid line), sd(E)2 = σ2

true + σ2
noise/E, evaluated at the σtrue = 17.8% and σnoise = 76.1% estimated

in Panel (b) of Figure 1. Importantly, these two parameters are not re-fit here, which makes this figure an out-of-sample check on
them rather than a fit. The homogeneous null is the special case σtrue = 0, such that both nulls coincide at E = 1 by construction.
The heterogeneous null lies slightly above the data at every E, by 0.7 percentage points at E = 1 and by 1.2 points at E = 10. This
gap reflects the normal approximation rather than a mis-calibration: at E = 1 nothing is averaged, so the 0.7-point gap measures
only the failure of the normal approximation to the right-skewed distribution of Panel (a) of Figure 1, which places less mass far
below the mean than a normal with the same first two moments. Appendix A.1 discusses the implied share of persistently negative
MPCs and compares it to the literature.
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Figure A.6: Alternative Number of Clusters

(a) k=2 (b) k=3

(c) k=5 (d) k=6

Notes. This figure shows a density contour plot of individual-level average one week pre-payment and post-payment MPCs. The
individual-level averages are calculated by taking the average of each measure for all events observed within each individual. Each
individual is assigned to a cluster based on our k means clustering algorithm and each cluster is represented by a different color.
The darker color contours represent higher density areas.
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Table A.1: Transaction Category Classification

Transaction Category Total Spending Nondurable Spending Total Income

Panel A: Spending transactions

ATM/Cash Withdrawals Yes No No
Automotive/Fuel Yes Yes No
Cable/Satellite/Telecom Yes Yes No
Charitable Giving Yes No No
Check Payment Yes No No
Education Yes Yes No
Electronics/General Merchandise Yes Yes No
Entertainment/Recreation Yes Yes No
Gifts Yes No No
Groceries Yes Yes No
Healthcare/Medical Yes Yes No
Home Improvement Yes No No
Insurance Yes Yes No
Loans Yes No No
Mortgage Yes No No
Office Expenses Yes Yes No
Other Expenses Yes No No
Personal/Family Yes Yes No
Pets/Pet Care Yes Yes No
Postage/Shipping Yes Yes No
Rent Yes No No
Restaurants Yes Yes No
Service Charges/Fees Yes No No
Services/Supplies Yes Yes No
Subscriptions/Renewals Yes Yes No
Travel Yes Yes No
Utilities Yes Yes No

Panel B: Other transactions

Credit Card Payments No No No
Deposits No No Yes
Expense Reimbursement No No No
Interest Income No No Yes
Investment/Retirement Income No No Yes
Other Income No No Yes
Refunds/Adjustments No No No
Retirement Contributions No No No
Rewards No No No
Salary/Regular Income No No Yes
Sales/Services Income No No Yes
Savings No No No
Securities Trades No No No
Taxes No No No
Financial Account Transfers No No No

Notes. This table presents the transaction category classification.



Table A.2: Nondurable Spending Responses to Income Changes Around the Payment Date

Post-MPC Pre-MPC

Event Period Observations 1-week 1-month 3-month 1-week

Panel A: All events pooled

Anticipated Payment 2012–2023 205,747,911 0.0376*** 0.1046*** 0.1737*** 0.0077***
(0.0015) (0.0044) (0.0078) (0.0004)

Panel B: One-off events

COVID Stimulus 1 2020 19,294,172 0.0519*** 0.1506*** 0.2280*** 0.0123***
(0.0018) (0.0043) (0.0094) (0.0012)

COVID Stimulus 2 2020–2021 37,379,306 0.0873*** 0.1270*** – 0.0183***
(0.0029) (0.0066) (0.0024)

COVID Stimulus 3 2021 18,082,437 0.0520*** 0.1362*** 0.1459*** 0.0128***
(0.0014) (0.0034) (0.0067) (0.0011)

Panel C: One-time monthly payments for 6 months

Child Tax Credit 2021–2022 33,251,181 0.1204*** – – 0.0364***
(0.0063) (0.0063)

Panel D: Once every year

Alaska PF Dividend 2012–2023 205,747,911 0.0780*** 0.2037*** 0.3577*** 0.0220***
(0.0025) (0.0061) (0.0149) (0.0015)

Tax Refund 2012–2023 205,747,911 0.0316*** 0.0876*** 0.1450*** 0.0050***
(0.0013) (0.0040) (0.0070) (0.0004)

Panel E: Periodically

Monthly Paycheck 2012–2023 95,695,521 0.0732*** – – 0.0323***
(0.0010) (0.0007)

Notes. This table presents the responses of spending on nondurables and services to predictable income changes around the
payments dates. The corresponding total spending responses (MPXs) are reported in Appendix Table A.3. The 3-month post-MPC
for COVID Stimulus 2 is omitted because it overlaps with the pre-MPC of COVID Stimulus 3, which occurred 11 weeks later; see
Appendix Figure A.3. Similarly, we report only the one-week post-MPC of the Child Tax Credit because of the recurring payments
two to six months after the initial payment. Date and individual by day-of-month fixed effects are included in all specifications.
Standard errors clustered at the individual level are reported in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table A.3: Responses to Income Changes Around the Payment Date: Total Spending (MPX)

Post-MPX Pre-MPX

Event Period Observations 1-week 1-month 3-month 1-week

Panel A: All events pooled

Anticipated Payment 2012–2023 205,747,911 0.0798*** 0.2080*** 0.3356*** 0.0167***
(0.0030) (0.0081) (0.0142) (0.0009)

Panel B: One-off events

COVID Stimulus 1 2020 19,294,172 0.1098*** 0.2857*** 0.4316*** 0.0248***
(0.0034) (0.0077) (0.0167) (0.0029)

COVID Stimulus 2 2020–2021 37,379,306 0.1510*** 0.2128*** – 0.0386***
(0.0054) (0.0114) (0.0043)

COVID Stimulus 3 2021 18,082,437 0.1030*** 0.2342*** 0.2603*** 0.0227***
(0.0026) (0.0057) (0.0113) (0.0021)

Panel C: One-time monthly payments for 6 months

Child Tax Credit 2021–2022 33,251,181 0.1771*** – – 0.0315***
(0.0108) (0.0113)

Panel D: Once every year

Alaska PF Dividend 2012–2023 205,747,911 0.1316*** 0.3001*** 0.4516*** 0.0249***
(0.0042) (0.0097) (0.0236) (0.0026)

Tax Refund 2012–2023 205,747,911 0.0708*** 0.1858*** 0.2971*** 0.0139***
(0.0030) (0.0078) (0.0134) (0.0009)

Panel E: Periodically

Monthly Paycheck 2012–2023 98,787,012 0.1573*** – – 0.0651***
(0.0019) (0.0014)

Notes. This table reports the same statistics as Table A.2 but for total expenditures (MPXs) instead of spending on nondurables and
services (MPCs). See Table A.2 for details.
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Table A.4: Relationship between Pre- and Post-Payment MPCs

Dependent variable: Pre-Payment MPC, one-week

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Post-MPC, one-week 0.0751*** 0.0665*** 0.0698***
(0.00151) (0.00167) (0.00190)

Post-MPC, one-month 0.0667*** 0.0656*** 0.0671***
(0.000561) (0.000621) (0.000706)

Post-MPC, weeks 2-4 0.0678*** 0.0666*** 0.0682***
(0.000560) (0.000614) (0.000699)

Observations 348,785 348,785 269,373 348,785 348,785 269,373 348,785 348,785 269,373
R2 0.008 0.170 0.175 0.041 0.195 0.202 0.042 0.197 0.204
Event FE YES YES YES YES YES YES YES YES YES
User FE YES YES YES YES YES YES YES
Financial Controls YES YES YES YES YES

Notes. This table presents regressions of one-week Pre-MPCs on Post-MPCs, where post-MPCs are measured either also over a one-week period, over one-month period for increased precision,
or over weeks 2-4 following payment (ie. one-month post excluding week 1). Financial controls include bank balances, available credit card credit, income, and the count of incurred overdrafts
as well as a user’s average MPC out of paychecks and a user’s average propensity to consume (APC) across the sample period. Standard errors clustered at the individual level are reported in
parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table A.5: Within-Person Purity of Type Assignments by Number of Clusters

Number of Raw Chance Normalized
Clusters (k) Purity Benchmark Purity

2 0.726 0.694 0.106
3 0.549 0.513 0.074
4 0.492 0.461 0.059
5 0.449 0.409 0.067
6 0.428 0.385 0.069
7 0.406 0.361 0.070
8 0.367 0.330 0.055
9 0.357 0.320 0.054

10 0.338 0.304 0.049

Notes. Raw purity is the mean across individuals (with at least five events) of the share of
events assigned to the individual’s modal type, where each event is assigned to the near-
est user-level cluster centroid. The chance benchmark is the expected raw purity under
random reassignment of event labels, holding fixed the aggregate assignment distribu-
tion and each individual’s event count (permutation null, 200 draws; see Appendix A.2.1).
Normalized purity is equation (A.2). Observed purity exceeds the permutation null at
every k (p ă 0.01).
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Table A.6: Persistence of Consumer-Type Assignments Across Events: Normalized Transition
Probabilities

Savers: Spenders:

Type at event t Active Passive Active Passive
Active Saver 1.14 0.98 0.81 0.92
Passive Saver 0.96 1.12 0.93 0.92
Active Spender 0.85 0.90 1.40 1.15
Passive Spender 0.93 0.91 1.15 1.16

Notes. This table reports normalized transition probabilities of consumer-type assignments be-
tween consecutive income events within person. Each individual-event observation is assigned to
the consumer type whose user-level cluster centroid (in the two-dimensional space of one-week
pre- and post-payment MPCs) is nearest to the event-level pre- and post-MPC estimates. For each
individual, we pair each event with that individual’s next observed event, yielding 289,591 event-
to-event transitions. Rows denote the type assigned at event t and columns the type assigned
at event t + 1. The normalized transition probability is the conditional transition probability di-
vided by the unconditional probability of the destination type, Pr(type at t+1 = j | type at t =

i) / Pr(type at t+1 = j). A value of one indicates that the current assignment carries no infor-
mation about the next assignment; values above (below) one indicate that the transition occurs
more (less) often than under independence. Diagonal elements are in bold. Aggregate persistence
across all cells: Cohen’s κ = 0.060, i.e., the observed same-type share of transitions exceeds the
share expected from the marginal type distributions alone by 6% of the available range (permu-
tation p ă 0.01).
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