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Abstract

We elicit the intertemporal Marginal Propensity to Consume (iMPC) based on hypothetical
different size lottery winnings through questions in the 2023-24 lItalian Survey of Consumer
Expectations (ISCE). Survey respondents were asked to allocate three hypothetical lottery
winning amounts (€1,000, €10,000. and €50,000) between consumption and saving in both the
year following the survey and over the longer term. The iIMPC for a €1,000 win declines from
26% in the first year to about 1% five years after the shock. Larger win amounts have a
smaller impact in the first year and a larger impact in the long run. The iIMPC for a €10,000
(€50,000) prize declines from 19% (15%) in the first year to 2.5% (4%) in year five. Regardless
of the size of the shock, the iIMPC shows a weak negative relation to the cash-on-hand amount
and a negative relation to income risk. We show that calibrated simulations of incomplete
market models with borrowing constraints, income risk, and household heterogeneity are
broadly consistent with these empirical findings.
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1. Introduction

The response of consumption to income changes is a key statistic for evaluating the
validity of modern consumption theories, and also, for estimating the effectiveness of fiscal
policy. Recent literature uses a range of approaches from structural models, quasi-natural
experiments, and direct survey evidence to study the short-run effect of different sized
transitory income shocks with different signs, see Jappelli and Pistaferri (2010), Havranek and
Sokolova (2020), Gelman (2021) and Crawley and Theloudis (2024) for recent surveys. The
present paper builds on this body of work to analyze the intertemporal Marginal Propensity to
Consume (iMPC) from a transitory income shock. We exploit the responses to a question in
the Italian Survey of Consumer Expectations (ISCE) which surveys a quarterly panel of 5,000
individuals representative of the Italian resident population aged between 20 and 75.

The novelty of our approach is that for the same individual, we elicit the propensity to
consume as the result of different sized hypothetical shocks over more than one period. The
survey question asked respondents to allocate three different amounts of hypothetical lottery
winnings (€1,000, €10,000, and €50,000) between consumption and saving in the year
following the survey and over the long run. The responses provide data on planned
consumption up to 20 years after the survey, and allow construction of an empirical impulse
response function to positive, unexpected, and transitory income shocks of different sizes. The
richness of the data enable us to determine whether the shape of the iMPC varies across
socioeconomic groups, levels of income risk, cash-on-hand, and macroeconomic uncertainty.

Our examination provides several interesting findings. In the first year the iMPC from a
hypothetical €1,000 prize is 26%, compared to 19% and 15% respectively for €10,000 and
€50,000 wins. However, over the long run this pattern is reversed; the response to a small shock

is weaker than the response to a larger shock which shows that shocks of different size induce



different intertemporal consumption reallocations. Small shocks are likely to be consumed
more immediately and result in a relatively small iMPC in later years. However, large shocks
are smoothed over time, showing a lower short run impact but higher planned consumption in
future years, assuming the absence of other shocks in later periods. The relation between the
iMPC and the size of the shock adds an important and so far unexplored dimension of iMPC
heterogeneity, and has implication for models with precautionary saving and liquidity
constraints. A relatively small positive income shock generates a large short run consumption
response for the fraction of the population that is liquidity constrained or myopic. A large shock
is more likely to overcome these constraints, implying a lower iMPC in the current period but
a higher iMPC in subsequent periods.

Based on subjective expectations of income growth, we find that higher expected income
volatilityis associated with a lower short run iMPC and a slightly higher response in the long
run.* We find also that the short run consumption response to a shock is correlated positively
with age, and weakly negatively correlated with uncertainty about future GDP and cash-on-
hand.

In the second step of our analysis, we compare our empirical results with simulations of
the iMPC for different sized shocks with the predictions of intertemporal consumption models
that include income risk, borrowing constraints, and heterogeneous agents. Our analysis
attempts to select the model (or model class) that best fits the empirical iMPC. Although the
simulated models are partial equilibrium models, our results should be informative for
researchers studying the dynamic responses to fiscal policy using incomplete market models

with household heterogeneity in a general equilibrium model. For example, Auclert et al.

4 A negative association between the short run propensity to consume and income risk is consistent with Savoia
(2023).



(2024) show that in these models the iMPC is essential to evaluate the size of the fiscal
multipliers.

We find that a one-asset model with precautionary saving and liquidity constraints is a
good predictor of the decline over time in the iMPC, the negative relation between the iMPC
and the shock size, and the relation between the iMPC and income risk. The accuracy of the
predictions increases for larger shocks. In contrast to the empirical iMPC, the simulations show
a clear negative relation between cash-on-hand and the propensity to consume, particularly for
relatively small shocks.

We simulated other models and compared the empirical and theoretical iMPC using the
Mean Squared Error (MSE) statistics. The data strongly reject the quadratic utility model which
predicts a constant iMPC is over time and shock size. The model with a fraction of consumers
who spend their entire income in each period is a good match for the iMPC for small shocks
but does not account for the lower iMPC generated by larger shocks. A model with two assets
as in Kaplan et al. (2014) and Auclert et al. (2021), is a good fit with the data for small shocks
but for larger shocks underperforms compared to other models. Overall, our analysis suggests
that liquidity, precautionary saving, and constraints are the main explanations of theiMPC that
we observe in our data.

Our analysis complements recent empirical and theoretical work. Empirically, it is linked
to the growing literature on economic expectations and survey experiments. Bachmann et al.
(2022) provide a review of the design of survey experiments which ask respondents to make
hypothetical decisions. The paper by Stantcheva (2023) examines a large body of work which
shows that the approach has been used in several different fields such as education, labor,
health, and macro-finance. In the stream of work on consumption, our paper adds to recent

attempts to estimate the iMPC; for example, Fagereng et al. (2018), Golosov et al. (2021), and



Andersen et al. (2024) which use administrative data, Druedahl et al. (2022) which uses
transaction data, and Colarieti et al. (2024) who use survey data. Our paper contributes to the
literature by providing new estimates of the iMPC over a long time horizon for different sized
shocks.

In terms of adding to the theory, our experiment adds to work evaluating the validity of
intertemporal consumption models with incomplete markets; for example, see the surveys by
Attanasio and Weber (2010), Jappelli and Pistaferri (2017), Kaplan and Violante (2022), and
Violante (2024). Our calibrated partial equilibrium models complement two other papers that
use quantitative models to estimate the iMPC as the result of income shock. Auclert et al.
(2024) study the dynamic output and consumption response to government spending and taxes
in a general equilibrium model. Bardoczy et al. (2024) show that in a HANK (Heterogeneous
Agent New Keynesian) model the depletion of excess savings occurs within three years for
households in the top income quartile.

The paper is organized as follows. Section 2 reviews the previous findings for the iMPC
and presents our empirical framework. Section 3 describes the survey data and the format of
the questions used to elicit the iMPC. Section 4 presents the empirical iMPC and how it varies
with shock size and individual characteristics. Sections 5 and 6 compare our findings with the

predictions of an incomplete market model with heterogeneous agents. Section 7 concludes.



2. Intertemporal MPC

In this paper, we define the short-run MPC or simply the MPC as the change in
consumption induced by a transitory and unanticipated income shock of a given size which
occurs in the first period. As in Auclert et al. (2024), we generalize the MPC by studying the
consumption response to the same initial shock in future periods which we denote as the
intertemporal or iMPC.

With a few exceptions, the empirical consumption literature focuses on estimating the
short run MPC, and relies on structural methods, natural experiments, or survey questions
which ask consumers to report how they responded to a previous shock, or how they would
respond to a hypothetical income shock. Jappelli and Pistaferri (2010), Havranek and Sokolova
(2020), Gelman (2021) and Crawley and Theloudis (2024) survey a large body of empirical
evidence which indicates that in the U.S. the average MPC non-durable goods and services
from a real windfall gain of $500-$1,000 is between 15% and 30%.

This average value hides substantial heterogeneity since for many households the MPC
is close to zero and for some it is close to 1, with considerable variation in between these two
values. Previous studies show that the short-run MPC varies with the direction and size of the
income shocks. In particular, the MPC produced by a negative income shock tends to be higher
than the MPC for a positive shock, and the MPC from a small shock tends to be higher than
for a large shock (Fuster et al., 2021; Christelis et al. 2019). Some papers show that the MPC
tends to be higher for low-wealth individuals or individuals with illiquid assets while other

studies show that the wealth-MPC relation is rather flat.’

5 Chetty et al. (2024) is a very recent paper which uses high quality data to estimate the MPC. The authors focus
on the response to a stimulus payment the first month after receipt, and find that stimulus payments increase
spending for low-income households but have little impact on high-income households’ spending.



While most studies focus on the short run (1-12 months) impact of income shocks on
consumption, there are a few recent studies that use lottery data and examine the impact in later
periods. To our knowledge, Colarieti et al. (2024) is the only survey that includes direct
questions on the MPC in more than one period. They rely on a hypothetical lottery and focus
on the quarter-by-quarter dynamics of how the household would allocate $1,000 (or 10% of its
income) to spending, debt repayments, and saving over the following four quarters. They find
that the MPC is 0.16 in the first quarter, and 0.42 cumulated over a year. Initially, the MPC
seems to vary little among households over the whole year heterogeneity increases, with liquid
households reporting a larger MPC. However, the iMPC horizon in this study is only one year.

Golosov et al. (2024) analyzed the consumption responses of U.S. lottery winners of
prizes over $30,000 and found that $1 extra unearned income increased consumption
expenditure by 60 cents over the prize-winner’s remaining life. Fagereng et al. (2021) used
administrative data for Norway and fund that households spent about half of their lottery
winnings in the first year, and about 90% over the first five years. They found also that the
short run MPC shows a negative correlation with liquid assets and size of the lottery win. Their
evidence suggests that spending is tilted more to the present (higher MPC) than standard
models would predict. Andersen et al. (2024) used customer records from a large retail bank
in Denmark to track investors’ consumption responses to stock market wealth shocks. They

found that the accumulated MPC over one year was around 4%, and 16.4% over three years.®

® Druedahl et al. (2022) study the consumption response of Danish borrowers with adjustable-rate mortgages, and
exploit the fact that the bank sends a letter in advance of the annual interest rate reset advising borrowers about
the expected change to their mortgage payments. They find that unconstrained households adjust consumption
immediately, while liquidity-constrained households adjust closer to the arrival of the cash flow.
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Based on our survey data we define iMPC; ;. = , where L; is a lottery win of size j

and iMPC; ; ;is the change in consumption of individual 7 in period 7 induced by lottery win L;.

In practice, we estimate the regressions based on the following simple specification:

lMPCl,],t == ’{=1 ﬁj,t + 61'] + Si,j,t (1)

where the main coefficients of interests are 3} ;, that is, the average of the iMPC in response to
shock j in period ¢. The B; . coefficients are comparable to how the MPC is calculated in the
literature, and have a direct counterpart in our calibrated model. The §; ; are individual fixed

effects and capture all the sources of heterogeneity in consumption except the shock. We

assume that the error term ¢; ;. is the classical measurement error in reported iMPC. We

estimate separate regressions for each of three shocks as described in Section 4. In some variants
of equation (1) we estimate the year-by-year consumption response to the shock, replacing the
fixed effects with a set of socioeconomic variables.

In a frictionless permanent income model with quadratic utility the iMPC is constant

overtime, regardless of the size of shock. Therefore, testing whether the f;, parameters are

constant over time and identical for different shock sizes is a joint test of the validity of the
quadratic utility model.” Models with precautionary saving, borrowing constraints, liquidity,
and myopia introduce non-linearities in the iMPC over time and over the shock size, possibly
inducing higher responses in the short-run and a weaker impact in future periods.

For instance, if consumers are liquidity constrained in the period in which the shock
occurs, the iIMPC will be 1 in the initial period and zero in all subsequent periods. If the shock

is large enough to overcome the liquidity constraint, the iMPC will be less than 1 in the initial

7 If the regression has a constant term, the hypothesis is that the parameters are jointly equal to zero.



period, and positive afterwards. Precautionary saving and expectations of future borrowing
constraints have opposing effects, in the short run reducing the iMPC, and in future periods
increasing it. The survey allows us to test some of these important and so far unexplored

implications of the iMPC statistics.

3. The survey

Our data on iIMPC come from the responses to the Italian Survey of Consumer
Expectations (ISCE), a rotating panel, representative of the Italian resident population aged
between 18 and 75 years. It is administered quarterly and collects data on demographic
variables, income, wealth, consumption, expectations of microeconomic (e.g. income growth,
energy costs, health expenditure) and macroeconomic variables (e.g. inflation, unemployment,
GDP growth). These variables refer to October 2023 (wave 1), January 2024 (wave 2), and
April 2024 (wave 3). In each wave, the sample size is approximately 5,000 individual
observations.

The survey builds on two international experiences of online, high-frequency surveys
that collect both realized variables and also expectations, preferences, and perceptions. The
New York Fed Survey of Consumer Expectations collects information on consumers' views
and expectations regarding inflation, employment, income, and household finances, while the
European Central Bank Consumer Expectation Survey collects monthly data on households'
expectations from about 20,000 individuals from 11 euro-area economies.

The ISCE sampling scheme is similar to that employed for the Bank of Italy Survey of
Household Income and Wealth (SHIW). The sample stratifies the Italian resident population
along: area of residence in Italy (North-East, North-West, Central, South), age group (18-34,

35-44, 45-54, 55-64, over 65), gender, education (college degree, high school degree, less than



high school), and occupation (working, not working). All interviews are enabled by a Computer
Assisted Web Interviewing (CAWI) method. The average response rate (ratio of completed
interviews to invitations) across waves is 33%. We use sample weights to make the descriptive
statistics population-representative. The ISCE Statistical Bulletin presents detailed information
on the survey design and the sample structure, and compares the main variables with the SHIW
(see Guiso and Jappelli, 2024).

The questionnaire includes a section that is the same for every quarter, and special
sections which change. For our study, we rely on the background demographic and economic
variables and the January 2024 (wave 2) special section which asks about the iMPC.

Table 1 reports the sample means and medians for the main variables used in the
estimations, and compares them with their SHIW counterparts. Means and medians are
computed using sample weights. The demographic variable sample means are similar in the
ISCE and SHIW samples and the weighted median values of income, consumption, and
financial wealth are also closely aligned. However, we observe also some notable differences.
For instance, the proportion of respondents with college education is higher in the ISCE (24%)
compared to the SHIW (15%). This is because the ISCE oversamples the population segment
more likely to have internet access and able to respond to online questionnaires.

The ISCE also asks respondents about intentions and expectations. In our study context,
the most useful is expectations about the distribution of income growth in the 12 months
following the interview.® The question about expectations is presented in a probabilistic format,
with respondents asked to allocate 100 probability points to given intervals of future income

growth ranging from “less than -8%” to “more than 8%”. This allows us to estimate the entire




distribution of expected income growth for each individual in the sample, and to calculate the
standard deviation of the distribution to measure subjective income risk.

The special section of the second wave from the ISCE includes questions about the iMPC
for a transitory and positive income shock. The first three questions ask respondents how they
would spend three hypothetical lottery winnings over time:

Imagine winning a lottery prize of €1,000 / €10,000 / €50,000 today. Think about how you
would spend this sum in the coming years. You are free to choose how to distribute the sum
over the next 10 years and beyond.

Respondents can choose how much to consume in each of the five years following the
win. After the fifth year, the periods are presented in three intervals of five years, although
respondents can also choose to use the prize beyond the 20" year (“use in subsequent years™).
The order in which the three hypothetical wins are presented could introduce some framing
effects in the iMPC estimates. Therefore, we created six randomized groups, and for each group
presented different permutations of the three prizes. In the regression analysis, we control for
the six randomized groups which are well balanced in terms of the demographic and economic
variables.

There might be concern that a hypothetical shock might not reproduce real behavioral
response to an actual shock. For instance, respondents might be tempted to offer socially
desirable responses, or might be influenced by perceived societal norms (e.g. reporting high
saving rates) while their responses might not reflect their actual behavior. To mitigate these
concerns, for the same individual we compare the responses to the same shock over time, and
the responses to different shocks in the same periods which should account for the influence of

individual fixed effects. On the assumption that these potential biases are randomly distributed



within the population, we can still make causal inferences about the time and size dimensions
of the consumption response.’

Since we consider some respondents might find these questions quite challenging, we do
not distinguish between durables and non-durables consumption. In the first step of the
analysis, we estimate three intertemporal marginal propensities to spend (iMPX) by dividing
the consumption reported in each year by the lottery win value. We organized the data in a
panel with each individual observed for nine periods. As already mentioned, the first five
periods are the yearly iMPX, the next three are five-year intervals, and the last period is an
open interval. Background variables such as age, gender, education, and cash-on-hand do not
change in the panel and are fixed at the baseline that is, at the time that individuals received
their hypothetical lottery win and were asked to plan their future (hypothetical) expenditure.

The second step in the analysis was estimating the iMPC from the distribution of iMPX,
relying on a rough estimate of the overall amount likely to be spent on durable goods (without
asking for the period break-down). We asked the respondents how much of the total prize they
would allocate to durable consumption (cars, appliances, computer/electronic equipment,
furniture). We converted this qualitative indicator into a quantitative variable that is coded 0
(“Idon’t plan to spend anything on durables™), 0.25 (“less than half”), 0.5 (‘“half the amount”),
0.75 (“more than half’) and 1 (“spend all of it on durables”). Table 2 shows that the proportion
of total consumption spent on durable goods is higher for small shocks. For instance, the
fraction of those who would spend the entire prize on durables purchases is 45% for the

smallest prize, 26% for the intermediate amount, and 17% for the largest prize. To estimate the

9 The questionnaire was administered in early February 2024, one year after the post-pandemic recovery. In 2023,
real GDP growth in Italy was 0.9%, slowing from the 4% growth rate in the previous year, and was projected to
grow at 0.7% in 2024. Although we cannot rule out business cycle effects, the period in which the survey was
administered should have weakened their impact.



iIMPC, we assume that the amount that people allocate between non-durables and durables is
the same over time, and multiply the iMPX by 1 minus the share of durable consumption

reported in table 2.1

4. The empirical propensity to consume

In this section we present the main results of the iMPX and iMPC analyses for each of
the three lottery win values. We also show that the propensity to consume varies with age,

cash-on-hand, income risk, and other demographic variables.

4.1. iMPX

We compute the cross-sectional average of the propensity to spend for each of the nine
periods following the shock; Figure 1 plots the three resulting iMPX. Recall that each
individual reports the iMPX for each of the three prize values, and that the amounts reported
are standardized by the lottery win. Figure 1 shows high propensity to spend in the first year
for the €1,000 prize (77%), intermediate spending for the €10,000 prize (50%), and lower
spending for the €50,000 prize (35%).

These high spending propensities are broadly consistent with previous findings.
Fagereng et al. (2021) found that in the case of Norway households spent about 50% of their
lottery winnings in the first year. Jappelli and Pistaferri (2014) studied the case of Italy and the
propensity to spend a hypothetical and unanticipated bonus equivalent to one month’s income
was 48% while Christelis et al. (2019) reported that following a one-month income increase

the average Dutch respondent allocated 48.8% of this additional income to total consumption.

10 Another concern is that the question does not include debt repayment as a possible use of a lottery win. Since
not everyone equates debt repayment with saving, in the robustness checks we test whether the results change if
we exclude individuals with debts.



In the second period, the ranking is reversed, with the iMPX 9% for the smallest prize
and about 19% for the two larger prizes. Most of the consumption impact of the shock vanishes
after a few years: adding up the propensities to consume in the first five years results in a
cumulative iMPX of 92.3% for the smallest prize, 87.6% for the intermediate prize, and 80%
for the largest win. On average, the spending horizon spans the entire range of the periods
presented to the respondents although the average respondent planned to spend 5% of the

largest prize 20 years after the shock.

4.2. iMPC

Figure 2 plots our estimates for the three iMPC, that is, planned non-durable consumption
standardized by the lottery prize value. The shape of each of the three curves is a scaled down
version of those in Figure 1. In the first year, the iMPC is 26.5% for the smallest shock, 18.9%
for the intermediate shock, and 15.5% for the largest shock. In the short run, the magnitude of
the MPC is comparable with the findings of the literature. The surveys by Jappelli and Pistaferri
(2010), Havranek and Sokolova (2020), Gelman (2021), and Crawley and Theloudis (2024)
indicate that in the U.S. the average MPC non-durable goods and services from a windfall gain
of $500-$1,000 was of the order of 15% to 25%. Christelis et al. (2019) found that in the
Netherlands the average MPC nondurables is 19%.

The iMPC distributions include two features that are worth noticing. First, similar to the
iMPX, in the second year the consumption response to a small shock is weaker (4%) than the
response to a large shock (9%). In other words, small prizes tilt the consumption profile towards
the present, while large prizes are more likely to be spent in future periods. Second, after five

years spending on non-durable consumption is limited (between 5% for the €1,000 prize and



12% for the €50,000 prize). Therefore, in the theory section we consider the five-year iMPC
as a sufficient statistic to characterize the dynamics of consumption.

Figure 3 shows another interesting dimension of the iMPC distributions. The proportion
of respondents that consume the entire €1,000 prize in the first year (MPC=100%) is 15%, and
is much lower for the two larger prizes (5% maximum). This suggests that shock size is an
important dimension of heterogeneity in the empirical iMPC. A natural explanation of this is
that myopia or liquidity constraints have the greatest effect on winners of the smallest value
prize and vanish or are less important for larger shocks which are more significant and are
more likely to overcome liquidity constraints.

Figures 4, 5, and 6 explore sources of heterogeneity associated with age, liquid resources
(the sum of monthly income plus liquid financial assets), and income risk. Splitting the sample
by age (below or above 40 years) Figure 4 shows that in the first period the iMPC is about 5%
higher for the older group, regardless of the size of the shock. In the later periods, the iMPC is
similar for the two groups, with a tendency for the younger group to report a slightly higher
propensity to consume in the last period, and especially for the largest prize (about 2%). Figure
5 shows that cash-on-hand makes little different to the iMPC in any of the periods considered.

The ISCE also asks about the subjective probability distribution of expected earnings and
retirement income growth 12 months ahead. Respondents are asked to indicate probabilities
over 11 intervals of possible income growth values, ranging from less than 8% to more than
8%. We use the mid point of the intervals chosen by the respondent to construct the subjective
distribution of income growth moments. For the lowest and highest open intervals we assume
the respective values -10% and 10%. The standard deviations of the individual distributions

are the income risk measures used in our iMPC analysis.



Figure 6 plots the iMPC splitting the sample between high and low-income risk
respondents (standard deviation of expected income growth below or above 0.5%). In the short
run, higher income risk is associated with a lower iMPC, while in later periods the relation is
reversed. For instance, for a €10,000 win, in the first year the average iMPC of the low-risk
group is 28% and of the high-risk group is 23%. This empirical regularity is in line with the
predictions of models with precautionary saving and a concave consumption function. In the
short run, prudent individuals save a larger fraction of their prize compared to individuals with
the same preferences but lower risk. Section 5 analyzes the effect of income risk on the

simulated iMPC and compares it to the empirical iMPC.

4.3. Regression analysis

Table 3 presents the regression results for the three iMPC distributions. Due to missing
observations for iMPC, the ISCE sample size drops by about 10% to 4,137 respondents. We
organized the cross-sectional data into a panel; for each individual we have a time series of the
propensity to consume in nine periods following the interview, resulting in a panel of around
40,509 year-individual observations. All the other variables are constant across the panel, and
therefore collinear with the fixed effects. To avoid contamination of the estimated iMPC by
framing effects, we introduced dummies for the (random) ordering of the three iMPC
questions. The coefficients of the year dummies in Table 3 represent the deviation from the
benchmark “year 5” dummy. The coefficients of the year dummies are plotted in Figure 2 and
show a large response in the first year (especially for the smallest prize), followed by a decline
in the later periods.

Respondents were asked to report planned expenditure, and a coarse measure of

expenditure on durables but were not asked directly about debt. Since some individuals might



consider consumption in the form of debt repayment rather than saving, we estimate the iMPC
regressions dropping all individuals with a positive debt in January 2024 (55% of the original
sample). Table 4 shows that the year coefficients barely changed. Since the estimated iMPC is
quite similar in the two specifications, we assume that respondents allocate the hypothetical

lottery win between consumption and saving rather than debt repayment.

4.4. Short run iMPC

To compare our data with the results in the literature here we focus on the relation
between the short-run, one year, iMPC and the socioeconomic variables. Figures 1 to 6 plot
the sample average of the iMPC for each of three shocks, the fraction of respondents spending
the entire winning in the first year, and the relation between iMPC and age, cash-on-hand, and
income risk.

Table 5 presents the results of the ordinary least squares (OLS) regression considering
only planned consumption in the first year. The control variables include standard demographic
characteristics (age, gender, education, family size, region of residence), income risk, and log
of cash-on-hand. For the €10,000 and €50,000 wins the effect of age is positive and statistically
different from zero. The coefficients of log cash-on-hand are negative in all regressions, but
statistically different from zero only for the €10,000 winning, possibly reflecting that cash-on-
hand is measured with error.!! The effect of income risk (proxied by the standard deviation of
expected income growth) is negative and statistically different from zero in all three
regressions.

Also, the iMPC is negatively correlated with the standard deviation of expected GDP

growth. The coefficients of expected income growth and expected GDP growth are not

! Notice that our definition of cash-on-hand is coarse, because our survey elicits monthly income and in a single
question with 11 brackets, and financial wealth in one question with 5 brackets.



statistically different from zero. In the robustness checks, we found no significant differences
for the other economic variables such as occupation, proxies for credit access, and financial

literacy (understanding of interest rates, stocks, and inflation).

5. Simulated iMPC

In this section we compare our empirical estimates of the iMPC with simulated
consumption profiles produced by standard intertemporal consumption models. Our baseline
model is a one-asset, incomplete market model with heterogeneous agents. In section 6 we
check the sensitivity of the numerical simulations of the iMPC to other models.

Our baseline framework assumes that the economy is populated by a continuum of
households of measure 1 which are heterogeneous in their initial wealth a and income y. Time

is discrete, and household i maximizes its expected utility according to:

maxe,, Ey Yo IBu(Ci,t) (2)
S.L. At — Qi1 =11 T Vit — Cit (3)
a0 )

1-y

C

In equation (2) we assume that the utility function is isoelastic, u(ci,t) = 1l_ty The
respective parameters [ and y represent the discount factor and the intertemporal elasticity of
substitution. Equation (3) is the dynamic budget constraint. In each period the change in wealth

equals disposable income (earnings plus interest income) minus consumption. Equation (4) is



a borrowing constraint which prevents wealth from being negative.!? Log income follows an

AR(1) process:!3

logyi: = plogyit—1 + &ir %)

where &;; is an 1.i.d. normal process with mean zero and standard deviation o,

We calibrate the discount factor to match the empirical ratio of average financial wealth
to average income (1.11 in our data). We denote this ratio as the liquid ratio. The parameters
used in the calibration are reported in Table 6.!* To mimic the three hypothetical wins (€1,000,
€10,000, €50,000) we take as reference the average annual income reported in the ISCE
(€27,000).5 Therefore in the simulations we consider a small shock of approximately 5% of
income, a medium shock of 40% of income, and a large shock of twice average income.

As explained in Section 3, the largest planned spendings occur in the first five years after
the hypothetical shock, and after the fifth year the responses are quite small. Therefore, to
provide an interesting comparison, we consider the simulated iMPC up to the fifth year. We
focus on non-durable consumption as the most informative for current macroeconomic policy
debate (see Kaplan and Violante, 2022).

Figure 7 compares the theoretical and empirical iMPC for the three prizes. In the short

run, the theoretical iMPC is larger for small shocks which is in line with our data. While the

12 The iMPC simulations are similar if we allow limited borrowing setting the constraint (4) at a negative
and exogenous value of wealth.

13 In section 6 we also consider a log income process given by the sum of a transitory and a permanent
income component.

!4 The model is calibrated at annual frequency. The income process is discretized using Rouwenhorst’s (1995)
method. The stationary distribution is calculated using the lotteries algorithm, as in Auclert et al. (2021).

15 The results do not change if wealth shocks are calibrated using median (€21,000) rather than average
income.



model closely matches the short-run iMPC for the smallest prize, it underestimates the short-
run iMPC for the two larger prizes by approximately 7 percentage points. From the second year
onwards, the model overestimates the iMPC across all prize sizes but the gap between the
theoretical and empirical iMPCs reduces with the size of the prize.

As noted in Section 4.2, for the smallest prize, our data show a large consumption
response. In the model, this response is captured by constrained agents with low resources and
high consumption responses. In the long run, the model features greater persistence than
evident from our data; this persistence is driven by agents with high cash-on-hand who do not
spend the entire prize immediately. For the two largest prizes, the data show lower but more
persistent responses compared to the smallest prize. In the model, this pattern arises because
large positive shocks are more likely to overcome borrowing constraints.

Our data also allow us to simulate the iMPC of individuals with low and high cash-on-
hand. Consistent with the empirical iMPC plotted in Figure 5, we calibrate the discount factors
for a group of impatient low-cash households (liquid ratio of 0.77) and a group of patient high-
cash households (ratio of 1.49). Figure 8 shows that the consumption response to the €1,000
prize in the first year is about 10 percentage points higher for low-cash households. In the case
of the €10,000 and €50,000 shocks, the responses are, respectively, 5 points and 2 points higher
than in the low-cash group. Comparing these simulations with figure 5, we see that the model
fails to replicate the observed lack of relation between the empirical short-run iMPC and cash-
on-hand. Despite this, for both groups we observe a convergence over the long run between
the empirical and theoretical iMPC. Simulations also indicate that over time the iMPC
converges between low and high-cash groups. This outcome is due to the fact that once low-
cash individuals have spent their winnings, they have less to spend in the long run, resulting in

limited heterogeneity between the two groups.



Next, we investigate whether the theoretical iMPC is related to income risk, and if it
matches the iMPC observed in figure 6 for the two groups of respondents with expected
standard deviations of income growth below and above 0.50%. These results are more easily
presented in tabular form. Table 7 compares iMPCs for two versions of the baseline model.
Columns (1) and (2) report the numbers used to construct figure 6 for low and high risk
households. To mimic these differences, we report the simulated iMPC setting o, = 0.48 in
column (3) and o, = 0.58 in column (4). To isolate the effect of higher uncertainty on the
iMPC, we calibrate both cases using the same discount factor and the parameters reported in
table 6.

We find that compared to the model with relatively low risk the model with higher risk
has a lower iMPC, particularly for impact and for a relatively small shock which is in line with
the empirical findings. This result stems from the fact that income risk strengthens the
precautionary motive for saving, which increases target wealth and reduces the consumption
response. Indeed, the ratio of target wealth to income is higher in the higher income risk group
(2.08 against 1.11).

In Table 7, we observe that in the first year the simulated iMPC induced by a €1,000
shock is 25% for the low-risk group and 17% for the high risk group, a gap similar to the gap
in the data. In the simulations the difference between the high and low risk groups is lower for
larger shocks: 14% for the low-risk group and 11% for the high-risk group for the €10,000
shock, and 9% and 8% respectively for the €50,000 shock. As in the data, in the second and
third years the simulated iMPC gap between the high and low-risk groups shrinks, and
disappears in years 4 and 5.

Overall, the empirical and theoretical iIMPCs are fairly consistent in terms of the income

risk dimension over the short run in the case of a relatively small shock. However, the model



is not a good fit with the other aspects. In contrast with the simulated iMPC, over the short run,
the gap between the two groups in the empirical iMPC is much less sensitive to shock size.
Also Table 7 shows that the simulated iIMPC depends on a particular parametrization of income

risk and the assumption that income levels and preferences are the same in both groups.

6. Comparing the models

To compare our baseline simulations with alternative models in this section we present
iMPC simulations of different intertemporal models, and use MSE to check their consistency
with the empirical iMPC. In addition to our baseline one-asset model, we consider a quadratic
utility model, a model with two types of agents (hand-to-mouth and unconstrained as in
Campbell and Mankiw 1989), a one-asset model with transitory and permanent income shocks,
and a two-asset model as in Kaplan et al. (2014, 2018) and Auclert et al. (2021).

In the quadratic utility model, consumers solve the standard problem of equations (2) and
(3) with a quadratic utility function, an AR(1) income process, and no borrowing constraints.
Both the discount factor and the interest rate are equal to 0.02. It can be shown immediately
that the MPC is constant in this model, regardless of the shock size.

A significant modification to this model is positing that a fraction u of hand-to-mouth (or
myopic) agents follows the simple rule-of-thumb c¢; = y;. The remaining fraction (1 — u) of
unconstrained agents has quadratic utility and solves the problem presented above. The survey
does not provide details of wealth and its composition; therefore, we rely on SHIW data and
estimate the share of hand-to-mouth agents using the approach in Kaplan et al. (2014). We
define the share of hand-to-mouth consumers as the sum of the shares of poor and wealthy

hand-to-mouth. Poor hand-to-mouth (9.59%) are households with no illiquid asset holdings and



liquid assets equal to less than half their monthly income. Wealthy hand-to-mouth (11.81%) are
households with positive amounts of illiquid assets and liquid wealth equal to less than half

their monthly income. Accordingly, we set u=0.214.

In another experiment we replace the AR(1) income process in equation (5) with a

more flexible process based on the sum of a random walk and a transitory i.i.d. component:

Iny, =p. + & (6)

Pt = Pt-1 + Nt (7

where &; and 7, are independently and identically distributed normal processes with mean zero

and standard deviations o, and g, Based on the SHIW estimates in Jappelli and Pistaferri

(2010), we set the respective transitory and permanent shock variances to 0.025 and 0.080.
The remaining parameters are the same as in table 6.

The baseline model can be extended also by assuming that households can save in two
assets: a high-return illiquid asset « that incurs a transaction cost on deposits and withdrawals,

and a low-return liquid asset b . Households solve the following problem:

maxe, , Ey Xi20o ﬁu(ci,t) (8)
S.L. Cit T+ Qi + bi,t =Yi¢tt 1+ ra)ai,t—l +(1+ Tb)bi,t—l - l/)(ai,t' ai,t—l) )
a;=>0, bi; =0 (10)
v—(+rag,_q |12
Y(aie air—1) = % MTJ:)Q) [(1 4+ a1 + x,] (11)




In the dynamic budget constraint (9), r, is the interest rate paid on the illiquid asset @, and r),
is the interest rate paid on the liquid asset b. Income follows the AR(1) process in equation
(5). In each period the change in total wealth equals disposable income (earnings plus interest
income on both assets) net of consumption and portfolio adjustment costs. Equation (10)
defines the borrowing limit and the minimum value of the illiquid asset both of which are
set to zero.

As in Auclert et al. (2021), the transaction costs of deposits and withdrawals from the

illiquid asset are a convex portfolio adjustment cost function defined in (11). The term yo

(assumed to be 0.15) is the marginal cost of transacting, the parameter y; (assumed to be 6.5)
allows calibration of the desired wealth ratio, and > (2.0) gives the desired curvature of the
adjustment cost function. The utility function is isoelastic and the other model parameters are
the same as in the baseline model. In the simulation, we target the liquid asset ratio of 1.11
as in our baseline model, and the illiquid asset ratio from the 2020 SHIW (6.24).

Table 8 reports the iMPC for each model in the five years after the shock, for each of the
three shocks. Column titles refer to the quadratic utility model, hand-to-mouth and
unconstrained consumers (“two-agents”) model, the one-asset model presented in section 5
(“baseline”), the model with transitory and permanent shocks (“two shocks”), and the model
with liquid and illiquid assets (“two assets”). For comparison, column (1) reports the empirical
iMPC. To evaluate the performance of the different models, we compute the MSE of the iMPC
for the first five years following the shocks.

The quadratic utility model predicts a constant iMPC of 2% across shock size and time

period, and is the least consistent with the empirical iMPC. It also features the highest MSE.



The other models are fairly good predictors of the short-run iMPC for the €1,000 prize.
After the first year, with the exception of the quadratic utility model and the two-agent model
in column (3) all the models overestimate the consumption response. In the two-agent model
the shock has a large impact only in the first year, because hand-to-mouth consumers spend the
entire prize upfront. In later periods, the consumption response is an average of the propensity
to consume of the hand-to-mouth (zero) and of the constant MPC of unconstrained households
(2%), weighted by the share of hand-to-mouth households (21%). As a result, after the first
year the iMPC is 1.5% for each period and each shock. The model provides a good
representation of the iMPC for the €1,000 prize (MSE is only 0.039) but does not capture the
iIMPC of larger shocks quite so well. Most importantly, the two-agent model fails to capture
the relation between the empirical iMPC and the size of the shock.!®

The model with two shocks generates more precautionary savings than the other models.
As a result, the simulated iMPC in the first year is lower than in the baseline model but
consumption is more persistent in the long run, with a slower decline of the iMPC over time.
Since the empirical iMPC declines quickly over time, the MSE associated with this model is
considerably higher than in the other models, and especially for small shocks.

The simulated iMPC of the model with two assets (column 6) is similar to the baseline
model for each of the three shocks. This model performs slightly better for the smallest and the
intermediate shocks; the MSE associated with the €1,000 shock is 0.269 in the baseline model
against 0.199 in the two-asset model (0.212 against 0.173 for the €10,000 shock). For the
largest prize, the simulated and empirical iMPC are close but the baseline model outperforms

the two-asset model (MSE 0.120 against 0.142).

16 The model with two agents (hand-to-mouth and unconstrained) replicates the empirical iMPC only under the
assumption that the fraction of hand-to-mouth individuals who spend the entire shock declines with the size of
the shock. This assumption is clearly ad hoc and unrealistic.



Therefore, with the exception of the quadratic utility model, no single model clearly
outperforms the others in terms of MSE. The model with hand-to-mouth consumers captures
the short-run iMPC for the €1,000 well but does not account for any relation between iMPC
and shock size. Our tentative conclusion from this investigation is that precautionary saving
and liquidity constraints (features of the baseline and two-asset models) capture several
features of the iMPC distribution, both over time and across shocks.!” Nevertheless, both of
these models predict a negative relation between the consumption response and cash-on-hand

for which we find limited evidence in the data, possibly due to measurement erorr.

7. Conclusions

This paper provides new empirical evidence on the iMPC based on an analysis of how
Italian households allocate hypothetical lottery wins of varying sizes between consumption and
saving over different time horizons. The key advantage of our direct survey evidence approach
is that we measure the responses to different shocks by the same individuals which allows for
a rigorous identification strategy to assess the impact of different sized shocks over time.

Our findings show that the iMPC from a relatively small shock declines quickly over
time. Larger shocks have a smaller immediate impact but are more persistent over the long-
run. Additionally, we find that the empirical iMPC is negatively related to income risk and
weakly negatively related to initial cash-on-hand.

Comparison of the empirical and simulated iMPC suggests that models with quadratic

utility or inclusion of a combination of unconstrained and rule-of-thumb consumers are unable

17 We also check the sensitivity of the baseline one-asset model for different values of the intertemporal elasticity
of substitution (assumed to be 1 in the simulations). In general, assuming lower values of the elasticity of
substitution (0.5 or 0.25) modifies the iMPC only slightly: the consumption response is slightly lower in the short
run, and slightly higher in the long-run.



to explain the features of the iMPC distributions over time and across different sized shocks.
Models with precautionary saving and liquidity constraints capture several features of the
iMPC distribution, both over time and across shocks. However, this class of models produces
a negative correlation between cash-on-hand and iMPC, especially in the short-run, which is
not evident in the data, possibly due to error in our measure of cash-on-hand. Although our
analysis is in partial equilibrium, we believe that our results improve understanding of the
dynamic response of output to government spending and taxes in the context of more complex

and realistic macroeconomic models.
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Figure 1. The intertemporal Marginal Propensity to Spend (iMPX)
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Note. The figure plots the average intertemporal Marginal Propensity to Spend (iMPX) from three hypothetical
lottery prizes.

Figure 2. The intertemporal Marginal Propensity to Consume (iMPC)
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Note. The figure plots the average intertemporal Marginal Propensity to Consume (iMPC) from three hypothetical
lotteries.



Figure 3. Proportion of respondents with iMPC=1
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Note. The figure plots the fraction of respondents reporting MPC=1 at different horizons and for different size of

the hypothetical prize.

Figure 4. iMPC for different age groups and shock size
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Note. The figures plots the iMPC for different lottery winnings in two age groups. The sample includes 34% of
respondents with age less than or equal to 40 years, and 66% respondents older than 40.



Figure 5. iMPC for different levels of cash-on-hand and shock size
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Note. The figures plots the iMPC for high and low levels of cash-on-hand (below or above the median) and
different lottery winnings. Cash-on-hand is the sum of monthly income plus financial assets.

Figure 6. iMPC for different levels of income risk and shock size
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Note. The figures plots the iMPC for high and low levels of income risk and different lottery winnings. The group
with low income risk (61% of the sample) reports a standard deviation of future income growth of 0.5% or less,
the group with relatively high income growth (39% of the sample) reports a standard deviation above 0.5%.
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Figure 7. Simulated iMPC for different shock size
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Note. The figures plot the empirical iIMPC and the simulated iMPC obtained from the one-asset model of equations
(2)-(5). The model is calibrated to match the empirical ratio of the ratio of average financial wealth to average
income (1.11 in the data).



Figure 8. Simulated iMPC for different shock size and cash-on-hand group
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Note. The figures plots the simulated iMPC obtained from the one-asset model of equations (2)-(5) for the three
lottery winnings. We calibrate the discount factors of a group of low cash-on-hand and impatient households (liquid
asset to income ratio of 0.77) and of a group of patient and high cash-on-hand households (ratio of 1.49).



Table 1. Descriptive statistics

ISCE SHIW (2020)
Male 0.49 0.49
Age 48.04 48.48
Family size 2.79 2.97
College 0.24 0.15
Resident in the South 0.34 0.35
Expected income growth -1.08 n.a
S.d. of income growth 1.55 n.a.
Expected GDP growth -1.23 n.a.
S.d. of GDP growth 1.06 n.a.
Disposable income 21,000 23,533
Total consumption 15,000 14,500
Financial wealth 25,000 9,726
Real assets 150,000 155,000
Debt 13,574 0
Total wealth 127,397 154,000
Number of observations 4,137 5,065

Note. The table reports the means of demographic variables and the medians of income, consumption and wealth
in the ISCE and in the SHIW. Data for income, consumption and wealth are expressed in euros.

Table 2. Fraction of consumption that respondents intend to spend on durable goods

€1,000 €10,000 €50,000
0.00 24.1 16.6 12.5
0.25 8.3 20.1 33.0
0.50 8.5 16.3 16.7
0.75 14.2 20.5 21.0
1.00 44.9 26.4 16.6
Total 100.0 100.0 100.0

Note. The table shows the fraction of total consumption that respondents plan to spend to purchase durable goods.

Statistics are computed using sample weights.




Table 3. iMPC regressions, by shock size

€1,000 €10,000 €50,000
Year 1 25.371 16.434 11.899
(0.301)*** (0.260)*** (0.244)***
Year 2 2.826 6.424 5.223
(0.301)*** (0.260)*** (0.244)***
Year 3 0.489 1.780 2.390
(0.301) (0.260)*** (0.244)***
Year 4 -0.085 0.613 0.928
(0.301) (0.260)** (0.244)***
Year 6-10 -0.182 0.258 0.674
(0.301) (0.260) (0.244)***
Year 11-15 -0.737 -1.302 -1.183
(0.301)** (0.260)*** (0.244)***
Year 16-20 -0.719 -1.447 -1.924
(0.301)** (0.260)*** (0.244)***
Year >20 0.499 -0.057 -0.216
(0.301)* (0.260) (0.244)
Constant 2.378 3.044 4.272
(0.481)*** (0.415)*** (0.388)***
R? 0.24 0.16 0.11
N 40,509 39,924 40,158

The table reports OLS regressions of the iMPC. The excluded category is “Year 5”. The iMPC is multiplied by
100. The -p-value refers to an F-test that the group dummies indicating the order of the questions are jointly equal
to zero. Standard errors are reported in parenthesis. One star indicates significant at the 10% level, two stars at 5%,
three stars at 1%.



Table 4. iIMPC regressions, by shock size (individuals with no debt)

€1,000 €10,000 €50,000
Year 1 25.118 14.952 10.439
(0.464)*** (0.399)**x* (0.369)***
Year 2 3.516 7.042 4.857
(0.464)*** (0.399)**x* (0.369)***
Year 3 0.380 1.834 2.442
(0.464) (0.399)**x* (0.369)***
Year 4 -0.172 0.768 0.770
(0.464) (0.399)* (0.369)**
Year 6-10 -0.090 0.306 0.688
(0.464) (0.399) (0.369)*
Year 11-15 -0.643 -1.370 -1.462
(0.464) (0.399)*** (0.369)***
Year 16-20 -0.815 -1.618 -2.209
(0.464)* (0.399)**x* (0.369)***
Year >20 0.966 0.092 -0.174
(0.464)** (0.399) (0.369)
Constant 3.528 3.969 4.891
(0.746)*** (0.639)*** (0.590)***
R? 0.23 0.15 0.10
N 17,334 16,794 16,929

Note. The table reports OLS regressions of the iMPC dropping individuals with positive debt. The excluded
category is “Year 5”. The iMPC is multiplied by 100. The -p-value refers to an F-test that the group dummies
indicating the order of the questions are jointly equal to zero. Standard errors are reported in parenthesis. One star
indicates significant at the 10% level, two stars at 5%, three stars at 1%.



Table 5. iMPC regressions in the year of the shock, by shock size

€1,000 €10,000 €50,000
Male -2.766 -0.240 0.847
(1.124)** (0.785) (0.654)
Age 0.040 0.096 0.071
(0.042) (0.029)*** (0.024)***
Family size -0.789 -0.226 -0.419
(0.510) (0.356) (0.295)
College 1.132 -0.100 -0.840
(1.379) (0.959) (0.798)
Log cash-on-hand -0.217 -0.953 -0.442
(0.489) (0.342)*** (0.285)
Resident in the South -3.908 -2.876 -1.838
(1.232)%** (0.861)*** (0.714)**
Expected income growth -0.074 0.037 0.160
(0.169) (0.118) (0.098)
S.d. of income growth -1.434 -1.032 -0.640
(0.423)%** (0.295)**x* (0.245)**x*
Expected GDP growth -0.014 0.104 -0.110
(0.160) (0.111) (0.093)
S.d. of GDP growth -1.226 -0.685 -0.407
(0.453)%*x* (0.315)** (0.262)
Constant 38.365 25.393 18.771
(3.470)*** (2.420)*** (2.011)***
R? 0.04 0.03 0.02
N 4,501 4,436 4,462

Note. The table reports OLS regressions of the iMPC in the first year of the shock. The iMPC is multiplied by 100.
Standard errors are reported in parenthesis. One star indicates significant at the 10% level, two stars at 5%, three
stars at 1%.



Table 6. Model calibration

Parameters Value Description

r 0.02 Interest rate

y 1 elasticity of intertemporal substitution

B 0.96 Implied discount factor

Amin 0.0 Minimum value of assets grid

N, 7 Points in Markov chain for the income process
Na 500 Points on asset grid

P 0.95 Autocorrelation of log earnings

Oc 0.50 Standard deviation of log earnings

Note: The table reports the parameters of the baseline model presented in equations (2)-(5). We target the asset
ratio A/Y = 1.11 to match the liquid asset ratio in ISCE.



Table 7. iMPC for different income risk groups and shock size

Data Model
Low risk High risk Low risk High risk

@) 2) 3) (4)
iMPC from €1.000
Year 1 0.29 0.23 0.25 0.17
Year 2 0.04 0.05 0.11 0.08
Year 3 0.01 0.02 0.08 0.07
Year 4 0.01 0.02 0.06 0.06
Year 5 0.01 0.02 0.05 0.05
iMPC from €10.000
Year 1 0.21 0.16 0.14 0.11
Year 2 0.09 0.08 0.12 0.09
Year 3 0.04 0.05 0.10 0.08
Year 4 0.03 0.04 0.08 0.07
Year 5 0.02 0.03 0.07 0.06
iMPC from €50.000
Year 1 0.17 0.13 0.09 0.08
Year 2 0.09 0.08 0.09 0.08
Year 3 0.06 0.06 0.08 0.07
Year 4 0.04 0.04 0.07 0.07
Year 5 0.04 0.04 0.07 0.06

Note. The table compares the iMPC for low and high-risk households. Columns (1) and (2) display the empirical
iMPC for respondents whose income growth standard deviation is above and below the median. Columns (3) and
(4) show the simulated iMPC of two versions of the baseline model. In column (3) we set o, = 0.48, while in
column (4) o, = 0.58. The remaining parameters are the same as the baseline model and are reported in Table 6.



Table 8. iMPC and MSE performance of the models

Data Quadratic Two-agents Baseline Two shocks Two assets
utility
@) 2) 3) ) (6) 0]

€1.000

Year 1 0.265 0.020 0.229 0.249 0.204 0.202
Year 2 0.040 0.020 0.015 0.113 0.163 0.081
Year 3 0.017 0.020 0.015 0.078 0.124 0.059
Year 4 0.011 0.020 0.015 0.062 0.101 0.050
Year 5 0.012 0.020 0.015 0.050 0.081 0.044
MSE 1.220 0.039 0.269 0.866 0.199
€10.000

Year 1 0.189 0.020 0.229 0.141 0.189 0.116
Year 2 0.089 0.020 0.015 0.120 0.155 0.098
Year 3 0.043 0.020 0.015 0.100 0.121 0.080
Year 4 0.031 0.020 0.015 0.080 0.100 0.064
Year 5 0.025 0.020 0.015 0.065 0.083 0.053
MSE 0.684 0.162 0.212 0.375 0.173
€50.000

Year 1 0.156 0.020 0.229 0.096 0.150 0.078
Year 2 0.089 0.020 0.015 0.089 0.131 0.073
Year 3 0.061 0.020 0.015 0.082 0.113 0.068
Year 4 0.046 0.020 0.015 0.076 0.100 0.063
Year 5 0.037 0.020 0.015 0.069 0.085 0.058
MSE 0.521 0.286 0.120 0.194 0.142

Note. The table reports the iMPC and the Mean Squared Error (multiplied by 100) of the simulated iMPC against
the empirical iMPC. “Quadratic utility” is the permanent income model with quadratic utility. “Two-agents” is a
model where the share of hand-to-mouth consumers is 21.4%. “Baseline” is the one-asset model of equations (2)-
(5). “Two shocks” is the one-asset model with permanent and transitory income shocks described in equations (6)-
(7). “Two-assets” is the model with liquid and illiquid assets of equations (8)-(11).



Appendix. Survey questions

1. Imagine having a winning lottery ticket worth €1,000 / €10,000 / €50,000 today. Think about how you would
spend this sum in the coming years. You can choose how to distribute the sum over the next 10 years and beyond.
The order of the questions is randomized in six different permutations.

€1,000 €10,000 €50,000
2024 gl 11 gl 12 gl 13
2025 gl 21 gl 22 gl 23
2026 gl 31 gl 32 gl 33
2027 gl 41 gl 42 gl 43
2028 gl 51 gl 52 gl 53
2029-2023 gl 61 gl 62 gl 63
2034-2038 gl 71 gl 72 gl 73
2029-2043 gl 81 gl 82 gl 83
Use in subsequent years gl 91 gl 92 gl 93

2. In the coming years, would you spend the €1,000 / €10,000 / €50,000 prize on durable goods? (cars, household
appliances, computer/electronic equipment, furniture/furnishings, etc.). The order of the questions follows the
same randomization as question 1.

€1,000 €10,000 €50,000
Yes, I would spend the full amount 1 1 1
Yes, I would spend a good part of the amount (more than 50%) | 2 2 2
Yes, I would spend half the amount (50%) 3 3 3
Yes, I would spend less than half the amount (less than 50%) 4 4 4
No, I wouldn't spend anything on durable goods 5 5 5
Don't know 6 6 6

3. Income risk. In the next 12 months, you expect that your household’s total annual earned and retirement
income, after tax, compared to last year ...

Percentage

Will decrease by more than 8%
Will decrease between 6 and 8%
Will decrease between 4 and 6%
Will decrease between 2 and 4%
Will decrease between 0 and 2%
Will remain constant

Will increase between 0 and 2%
Will increase between 2 and 4%
Will increase between 4 and 6%
Will increase between 6 and 8%
Will increase more than 8%
Total
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