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Abstract

We use quarterly panel data from the Italian Survey of Consumer Expectations to analyze the
relative contribution of idiosyncratic and aggregate risks on household consumption
uncertainty. Consumption uncertainty is primarily driven by individual shocks rather than
macroeconomic fluctuations. Estimating pass-through coefficients, we find that idiosyncratic
risks (particularly those related to health and income) account for 75% of consumption risk,
while aggregate risks (particularly GDP and house price fluctuations) contribute less than 20%.
Young workers with limited cash reserves face greater exposure due to limited insurance
options. Using subjective expectations data and an instrumental variables approach to the Euler
equation, we estimate a relative prudence coefficient of 2-3. On average, precautionary savings
amount to 2.7% of current consumption, three quarters of this driven by idiosyncratic risks.
Only one third of these savings buffer labor income shocks, while the remainders is a response
to expenditure shocks. These findings suggest that focusing solely on income risk significantly
understates precautionary savings. Consistent with theoretical predictions, precautionary
savings are highest among younger individuals and decline with age.
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1. Introduction

In intertemporal consumption models, expected consumption volatility plays a central
role in shaping consumers’ decisions and welfare. This volatility is a sufficient statistic for all
consumption-relevant sources of uncertainty. However, with some exceptions, standard
intertemporal consumption models typically assume that income is the sole source of risk and
that markets do not provide insurance against it.! While income risk is undoubtedly a major
driver of fluctuations in household budget constraints, individuals face many other risks that
can significantly impact consumption volatility and financial well-being. These include shocks
to healthcare costs, energy prices, asset prices, and business cycle fluctuations. The relative and
overall importance of these risks for consumption volatility and thus for the accumulation of
precautionary savings, remains an open empirical question. This paper seeks to address this
gap. Understanding which risks disrupt consumption and how households respond to them is
essential for reducing vulnerability to shocks and developing mitigation strategies. It is also
crucial for improving macroeconomic models that emphasize consumers’ uncertainty.

To analyze the anatomy of consumption risk, we use a consumer expectations survey to
elicit the probability distribution of future consumption growth, constructing an individual-level
measure of expected consumption risk. Because individuals base their responses on available
information, this measure cannot be inferred from volatility of realized consumption.
Additionally, we gather subjective probability distributions for a broad set of risks that represent
key sources of uncertainty—ranging from income and health expenditures to energy price
shocks, GDP fluctuations, and other aggregate variables.

This approach allows us to trace expected consumption risk back to both individual-
specific risks (such as income, health expenditures, and energy bills) and aggregate risks. By
doing so, we estimate how each source of uncertainty affects consumption volatility, quantify
their relative importance, and assess their heterogeneous impact across consumers. To our
knowledge, this is the first empirical study to systematically examine the anatomy of
consumption risk and evaluate the contribution of each risk factor to overall consumption
uncertainty.

To elicit subjective expectations, we designed the Italian Survey of Consumer
Expectations (ISCE), a panel of 5,000 individuals that has collected quarterly data since
October 2023. The survey gathers participants’ expected probability distributions for

! For recent surveys, see Attanasio and Weber (2010), Jappelli and Pistaferri (2017), and Violante (2024).



consumption growth, income growth, energy prices, health expenditures, and key aggregate
variables (GDP growth, inflation, unemployment, house prices and interest rates). Respondents
allocate 100 probability points across a set of interval growth rates for each variable over the
12 months following the interview. In many cases, growth rate intervals range symmetrically
from negative (below -8%) to positive (above 8%).

For each respondent, we compute moments of these distributions, using variance as our
measure of risk. Consumption risk exhibits substantial heterogeneity across individuals and
varies over time within the survey period. Subjective consumption risk tends to be lower than
labor income risk, consistent with consumption smoothing. Both idiosyncratic and aggregate
risk measures correlate with observable characteristics in intuitive ways. For instance, self-
employed individuals have a higher income variance and a stronger correlation between
expected income and GDP growth, reflecting their greater exposure to business cycle
fluctuations. Similarly, young consumers anticipate lower health expenditure growth than older
individuals. These, and other validation tests confirm that the elicited probability distribution
are meaningful and informative.

To estimate pass-through coefficients, we regress consumption risk on the variances of

its underlying risk sources, initially assuming these risks are independent. Extending Banks et
al. (2001) to a multi-risk framework, we show that pass-through coefficients reflect both
exposure to specific risks and ability to insure against them, either formally or informally. In
our preferred specification, we control for individual fixed effects, using only time variation in
measured risks for identification.
Our results indicate that these risk sources have strong explanatory power, collectively
accounting 57% of the variation in consumption risk. Among individual level risks, personal
income, health and energy expenditure risks have the largest impact. Health expenditure risk
exhibits the highest pass-though (0.37), surpassing that of income risk (0.21) and energy
expenditure risk (0.19). We argue this is because health shocks influence consumption volatility
both directly through health expenditures, and indirectly, as health status affects the marginal
utility of consumption, as demonstrated by Blundell et al. (2024). Aggregate risks also play a
role, particularly the expected variability in GDP and house price growth.

We also find systematic differences across individuals in how source risks translate into
consumption uncertainty, reflecting both heterogeneity in exposure and differences in the ability

to absorb shocks. Younger individuals (under 35) experience a 50% higher pass-through of



income risk than older individuals (60+), likely due to greater labor market volatility and lower
financial buffers. The self-employed face a 70% higher pass-through of energy expenditure risk
and twice as high of GDP risk compared to employees, as they are more exposed to these
factors. Older individuals, with higher homeownership rates (82% vs. 68% for younger groups),
are twice as sensitive to housing price fluctuations. Finally, individuals with high liquid cash
reserves exhibit lower risk pass-throughs of income, health, and energy risks on consumption
volatility, underscoring their role as financial buffers.

In the total sample, most of the expected consumption risk is explained by idiosyncratic
sources, which together account for 73% of expected consumption risk, reflecting both the size
of the pass-through and the average variance of the source risk. Aggregate risks account for
about 17% of consumption risk, suggesting that the uncertainty affecting consumer welfare is
largely driven by individual-level shocks rather than shocks associated with business cycle
fluctuations. Among macroeconomic risks, GDP and house price risks are the most important
contributors to consumption risk, while interest rate, inflation, and unemployment risks together
account for only 4% of predicted consumption risk.

Importantly, our conclusions hold even when we relax the assumption of independence
between the underlying sources of risk. If the risks are correlated, interactions between the
standard deviations of risk pairs might influence expected consumption risk. However, our tests
show that only the interaction between the standard deviation of expected health expenditures
and income and that between the standard deviations of expected inflation and house prices
significantly affects expected consumption uncertainty. Despite this, when evaluated at the
sample means, the contributions of the individual sources of risk remain unchanged.

In a second step of our study by using the information on subjective distributions to
estimate the structural prudence parameter of the Euler equation for consumption and to bring
additional evidence on the relevance of precautionary motives for savings. We find that
expected consumption growth is related positively to expected consumption risk in line with
the predictions of precautionary saving models. Our estimates imply a coefficient of relative
prudence in the plausible 2-3 range. We then combine the Euler equation estimates with the risk
measures, to quantify the size of precautionary savings in our sample. We estimate that the
average flow of precautionary savings due to the underling risks amounts to 2.7% of
consumption. Of this, about 70% is due to idiosyncratic uncertainty, with roughly similar

contributions from labor market risk, health and energy expenditures. Thus, focusing only on



labor market risk as done by a large part of the literature is bound to grossly understate the size
of precautionary savings. Aggregate risks explain the remaining 30% of precautionary saving,
with roughly equal contributions of inflation, GDP and house price risk. We also find a marked
decline in the importance of precautionary savings over consumers age, as implied by finite
horizon models of precautionary wealth accumulation (Caballero, 1990).

This paper contributes to the classic literature on precautionary saving in the presence of
non-insurable risks (e.g., Caballero, 1990, 1991; Carroll and Kimball, 1996; Banks et al., 2001)
and to research estimating prudence using the Euler equation approach (e.g., Dynan, 1993;
Carroll, 2001; Ludvigson and Paxon, 2001; Attanasio and Low, 2004; Bertola et al., 2003;
Fagereng et al., 2017; Attanasio et al., 2019). While much of this literature focuses on labor
income risk, various studies have expanded the scope of precautionary savings to other sources
of uncertainty. Some papers emphasize health shocks alongside income risk. Palumbo (1999)
estimates a structural model in which uncertain future medical expenses play a key role in
saving decisions. De Nardi and Fella (2017) argue that earnings risk, life expectancy
uncertainty, and medical expenditure risk are all crucial in shaping consumption decisions and
wealth inequality. More recently, Blundell et al. (2024) analyze how consumption and medical
expenses jointly respond to income and health shocks. Other studies highlight the role of
aggregate risks. Ryngaert (2022) finds that perceived inflation risk correlates with higher real
consumption growth and a greater propensity to purchase durables. Coibion et al. (2024) use
European household survey data to examine how exogenous variation in perceived
macroeconomic uncertainty influences spending decisions. However, no prior work has jointly
examined the full set of idiosyncratic and aggregate risks to assess their impact on consumption
volatility and precautionary savings—precisely the focus of this paper.

Our work is also closely related to Fulford and Low (2024), who use survey data from
the U.S. Consumer Financial Protection Bureau to document key patterns in expense and
income shocks. They find that expense shocks are more frequent and larger than income drops
and, except for health expenses, are generally uncorrelated with income declines. While their
study focuses on realized shocks, we examine ex ante expected uncertainty and its role in
perceived consumption volatility—ultimately what drives precautionary saving behavior.
Additionally, we extend the analysis beyond personal income and expenditure shocks to include
aggregate uncertainty. Despite these differences, our papers are highly complementary.

Finally, we contribute to the growing literature using elicited subjective expectations to



measure risks, including income and unemployment risk (Dominitz and Manski, 1997; Guiso
et al., 2002; Jappelli and Pistaferri, 2000), pension risk (Guiso et al., 2013), inflation uncertainty
(Crump et al., 2015), consumption uncertainty (Christelis et al., 2020), and business cycle
volatility (Georgarakos et al., 2025).

The remainder of the paper is structured as follows. Section 2 outlines our conceptual
framework for measuring consumption risk. Section 3 describes the Italian Survey of Consumer
Expectations and the design of the subjective probability elicitations. Section 4 presents the
data and validation exercises. Section 5 analyzes consumption risk by estimating risk pass-
throughs and quantifying the contribution of different risk sources. Section 6 uses our risk
indicators to estimate the Euler equation for consumption and measure precautionary savings.

Section 7 concludes.

2. Measuring consumption risk

The literature employs various approaches to measure consumption risk, including ex-
post consumption volatility, income volatility, asset pricing models, and subjective
expectations, each with its own strengths and limitations. Some studies use realized
consumption volatility to proxy for consumption risk in Euler equation estimates (e.g. Dynan,
1993). A limitation of this approach is that expected consumption volatility does not coincide
necessarily align with realized volatility. The latter, beyond capturing genuine innovations, also
reflects individual choice, making it endogenous.? Another approach to measure consumption
risk is to use labor income volatility as a proxy, often defined as the standard deviation or
variance of realized labor income growth (Bertola et al., 2005). However, while income risk is
an important factor, it represents only one of many risks people face, leading to an
understatement of overall consumption risk. Additionally, similar to consumption volatility,
realized income volatility reflects both genuine risk as well as choices (e.g., decisions to work
more or fewer extra hours), making it partially endogenous. Some studies instead employ
consumption-based asset pricing models, such as the CAPM, to estimate consumption risk
directly (Ludvigson, 2013). These models link consumption growth to asset returns, using
financial market data to infer the riskiness of future consumption streams.

Our approach, by contrast, relies on self-reported household spending behavior and

2 To address endogeneity issues in the Euler equation estimate, Dynan uses education and occupation as
instruments, but these instruments have low power.



subjective probability distributions of various risks. The use of subjective expectations to
measure economic uncertainty was pioneered by Manski (2004) and Guiso, Jappelli and
Terlizzese (1992), and has recently been applied by Caplin et al. (2023), and Arellano et al.
(2024), among others. More broadly, Bachmann et al. (2022) and Stancheva (2022) provide
numerous applications of survey-based subjective expectations across fields such as education,
labor, health, and macro-finance.

2.2. Conceptual framework

Our starting point is that consumption uncertainty is induced by many economic factors.
To varying degrees income risk, price variability, health shocks, asset prices volatility all
contribute to consumption risk. Some of these risks are common to all consumers, while some
are individual specific. By limiting people’s ability to cope with income and prices volatility
and health shocks, financial and insurance markets imperfections can amplify the impact of
these sources of risk on expected consumption uncertainty.

In this paper we document how various sources of risk affect consumption uncertainty
using insights from the literature on intertemporal consumption decisions. The first insight is
that expected consumption volatility is the relevant measure of the uncertainty affecting
consumers’ saving response to risk and thus the amount of precautionary savings. The second
insight is that expected consumption volatility is a sufficient statistics for all consumption-
relevant sources of risk and can be traced back to these sources. The third insight is that the
need to engage in precautionary saving in response to a specific risk depends on the level of
exposure to this risk. For instance, exposure to energy price shocks depends on the weight of
energy costs in the individual budget constraint. The fourth insight is that some risks can be
insured, totally or partially, either through formal insurance markets or through informal
mechanisms. This attenuates their impact on overall consumption risk depending on available
insurance opportunities.

To capture these insights, we build on Banks et al. (2001) and assume that preferences
are constant relative risk averse (CRRA) and time separable. We also assume that optimal
consumption c; (net of energy and health expenses) is approximately proportional to individual
wealth w;, ¢; = uw,. When labor income is the only source of risk, Banks et al. (2001) show
that, to a second-order approximation in the Euler equation, the expected variance of
consumption growth is proportional to the expected variance of income growth, scaled by the

ratio of labor income to total wealth. This scaling factor implies that consumption risk (i.e., the



expected variance of consumption growth) is more sensitive to income risk for individuals with
lower wealth.?

We extend this framework to incorporate multiple sources of risk, making simplifying
assumptions to derive an explicit solution for the relation between the expected variance of
consumption growth and the underlying risks, one that can be implemented empirically. To
illustrate the methodology, we focus here on four key sources of risk, for which we elicited
subjective probability distributions. Let y;,, denote random labor income in period #+1.
Random health expenditures are given by pph,, , where pj, is the certain and constant price
of health goods and services, and h,,, represents uncertain health status. Energy costs are
denoted by ep; 1, the product of a known quantity of energy needs e and the uncertain energy
price P;4q. Finally, 7,4 is the uncertain return to wealth, encompassing both financial and real
assets. For a consumer i (omitted in notation for simplicity) the budget constraint in period #+1

1s:
Wepr = (L4 Fopg + VBra)We + Frr1 — ¢ — Prhess (1)

where we assume e = vwy, that is, the quantity of energy purchased is a constant share of
individual wealth - a simple way to capture the idea that energy consumption is highly price
inelastic. In Appendix A we show that a second order Taylor approximation of the expected
marginal utility of consumption delivers the following expression:

2 _ 2.2 2 2 2 2 2,2
Oft41 = MyOy 41 T TpOppy1 T Tp0p i1 + Ty Orpta (2)

where 052’ ++1 1s the variance of the innovation of consumption growth, and the four variances

on the right-hand-side of equation (2) are, respectively, innovations of income growth, health
expenditure, energy prices, and interest rate variances. All these variances are conditional on
the information available to consumers in period ¢ and can evolve over time as new information
is acquired. In deriving the equation, we assume that all covariances between these risks are
zero, though we will later relax this assumption.

The scaling factors 2 are proportional to the weight of each risk (z = y, h, p, ) on predictable

consumption (4w, ), and thus measures the consumer’s exposure to each of the four risks. We

3 Banks et al. (2001) also show that transitory income processes have a small impact on consumption risk, and that
this impact increases with the persistence of this process.



treat w2 as parameters, potentially varying across consumers. For example, the conditional
variance of income growth is more important for individuals whose lifetime wealth is largely
composed of human capital (a high njz, term) than for those less dependent on human capital (a
relatively low 7r32,). Similarly, individuals close to retirement are less exposed to labor income
risk than those just entering the labor market. In a world where these risks cannot be insured
or hedged, 2 measures the pass-through of risk z to overall consumption risk.

In practice, consumers can mitigate some of these risks through formal markets, informal
networks, public intervention, or accumulated precautionary savings.* To allow for partial
insurance we let the pass-through coefficient of risk z be equal to 8, = a,m2 , where 0 < a, <
1 is a risk attenuation factor reflecting insurance opportunities vis a vis risk source z. Absence

of insurance implies a, = 1, and full insurance a, = 0 . We can than re-write equation (2) as:

afz,t+1 = ﬁyo-jg,t+1 + ﬁhar%,tﬂ + ﬁpﬂﬁ,m + ﬁr0r2,t+1 + €41 3)

The (8, coefficients in equation (3) measure the pass-through of risk z on consumption
risk and reflect both exposure and insurability. In the (unrealistic) case of complete markets,
the 5, coefficients are all equal to zero, and the rate of growth of individual consumption has
no idiosyncratic volatility. Otherwise, the coefficients reflect the sensitivity of consumption
volatility to the underlying risks, due to both exposure and insurance.

Since our aim is to trace consumption risk back to its sources using a regression
framework, in equation (3) we also include the term ¢. This captures additional determinants of
expected consumption volatility not included in our list of source risks, higher order terms
omitted from the Taylor expansion, individual specific unobserved factors that contribute to
consumption risk such as ability to process information, and measurement error.” We model the

error term as €; 11 = K; + 9; t41 , the sum of an individual fixed effect and an error term. Thus,

* For example, in Italy some health shocks are fully covered by the National Health System (NHS), while out-of-
pocket health expenditures are primarily related to services not covered by the NHS, such as dental care and
preventive healthcare. Another example are welfare programs, including unemployment insurance, fiscal transfers,
and social safety nets, that help reduce expected consumption volatility for individuals facing income and
unemployment risk. Additionally, some income shocks are partially offset by financial support from parents,
relatives, or friends (e.g., Fagereng et al., 2024).

3> Notice that this error is not an expectational error (i.e. the difference between planned and realized consumption)
as in the Euler consumption equations which often are estimated with panel data. All terms in the equation are
variances computed conditional on the information available to the consumer at the time they predict consumption,
income, and the other variables of equation (3).



using cross-sectional data to estimate equation (3) could result in inconsistent estimates of the
pass-through parameters due to the presence of unobserved heterogeneity and any other time-
invariant characteristic. To address this issue, we estimate model (3) using a fixed effect
estimator in panel data. Thus, our identification strategy of the pass-throughs relies on variation

over time in expected consumption risk 052 and its underlying risk sources 0.

Equation (3) provides the framework for our decomposition exercise and has interesting
implications. It shows that consumption risk reflects all sources of risk that affect the
consumer’s budget constraint. Additionally, what matters for expected consumption risk is the
individual’s subjective perception of the risk sources, not the ex-post volatilities calculated
using observational data. Finally, since the (8, coefficients reflect risk insurability and exposure
(i.e. the a, and m, parameters), and since both might vary across individuals, the estimated
pass-throughs may also differ across individuals. To account for these differences, and
indirectly to validate the decomposition of consumption risk, we also estimate equation (3) for
different groups of consumers with supposedly different exposure to specific risk sources or
with different capability to buffer consumption-relevant risks.

In some specifications we allow also for covariances among risk sources, and write model
(3) as:

2 — 2 2 2 2
Gf,t+1 - ﬁyay,t+1 + ﬁhah,t+1 + ﬁpap,t+1 + ﬁro-r,t+1 + Zz 2x<z ﬁzxnzxaz,t+1ax,t+1 + Et+1 (4)

where f,, = 2p,,T,y, and p,, 1s the correlation coefficient between risk sources z and x and
T, = T,T, the product of the two exposures. Non-zero correlations imply that the interaction
terms between the standard deviations of pairs of risk sources might also affect consumption
uncertainty. The interaction terms are irrelevant if two risks are uncorrelated or if the consumer
is exposed to only one of them, or if one of the two risks is fully insured.

In the empirical implementation of equations (3) and (4) we account also for indicators
of subjective aggregate risk, demographic variables, time and individual fixed effects. We also
test for the significance and influence of the covariance terms, and whether their presence

affects our decomposition of consumption risk.

3. The Italian Survey of Consumer Expectations

The Italian Survey of Consumer Expectations (ISCE) is a quarterly rotating panel. We



use the first five waves collected in October 2023, January 2024, April 2024, July 2024 and
October 2024.° The survey collects data on demographic variables, household resources
(income and wealth components), consumption, individual expectations of future distribution
of individual-level wvariables (consumption, income, energy expenditures and health
expenditures), and macroeconomic variables (GDP growth, unemployment, inflation, nominal
interest rate, and house prices growth).

The survey builds upon two international online, high-frequency surveys: the New York
Federal Reserve Survey of Consumer Expectations, which collects information on consumers'
views and expectations regarding inflation, employment, income, and household finances, and
the European Central Bank Consumer Expectation Survey which collects monthly data on
households' expectations in the euro area economies.

ISCE targets Italian resident population aged between 18 and 75. The survey includes
approximately 5,000 interviews in each of the five waves, and a total of 25,026 interviews
conducted during the first 7-15 days of the reference month.” The average response rate across
waves (ratio of completed interviews to invitations) is around 40%. The average retention rate
(percentage of individuals interviewed in two consecutive waves) is around 80%.® To maintain
population representativeness the sample is refreshed at quarterly intervals. The ISCE Statistical
Bulletin provides detailed information on the survey, see Guiso and Jappelli (2025).

The ISCE sampling scheme is modeled after that used in the Bank of Italy’s Survey of
Household Income and Wealth (SHIW). The sample is based on a stratification of the Italian
resident population according to several criteria: area of residence (North-East, North-West,
Central and South Italy), age group (18-34, 35-44, 45-54, 55-64, and over 65), gender, education
(college degree, high school degree, and less than high school), and employment status
(working, not working). We apply sample weights to ensure that the descriptive statistics are
representative of the population.

Appendix B provides further details on the survey and compares the sample means of

selected ISCE variables with those from the 2022 SHIW, the most recent available wave. The

¢ We have chosen this quarterly sequence to avoid interviewing consumers during the seasonal months of August
and December.

7 All interviews are conducted using the Computer Assisted Web Interviewing (CAWI) method, with an average
duration of 18 minutes.

8 For example, of the 5,011 individuals interviewed in the fifth wave, 2,978 had participated since wave 1, 422
since wave 2, 416 since wave 3, 635 since wave 4 and 560 were interviewed for the first time in wave 5.

10



gender, age, family composition and education levels in both samples are similar (see Table
B1), which is noteworthy, given that the ISCE sample likely includes individuals to have
internet access and to respond to online questionnaires. Consumption medians are generally
comparable between the two surveys, but income appears to be underestimated in ISCE relative
to SHIW (see Table B2). A possible explanation is that SHIW collects much more detailed
information on disposable income than ISCE. Homeownership is reported at 72% in both
surveys, while ISCE respondents report higher financial wealth and greater participation in
financial markets (bonds, stocks, private pensions and life insurance).

ISCE elicits subjective probability distributions of consumption, income and the other
risk sources over the 12 months following the interview. In the case of income, respondents are
asked to assign probabilities to 11 possible income growth intervals, ranging from less than -
8% to more than 8%.° To construct the moments of the subjective income growth distribution,
we take the midpoint of each growth interval. For the lowest (less than -8%) and highest (more
than 8%) open intervals, we assume values of -10% and 10%, respectively. The variance of the
individual distributions serves as our measure of income risk, which we use to analyze the
determinants of consumption risk. ISCE elicits respondents’ subjective distributions of
individual-level and aggregate variables in a similar way. The intervals are the same across

variables and respondent are asked to make sure that probabilities sum up to 100.

4. Descriptive analysis and validation

Table 1 presents summary statistics for the pooled sample across five survey waves
conducted from October 2023 to October 2024. The top panel reports the means and standard
deviations of key demographic variables. The sample is evenly split between males and
females, with an average age of 48 years. Additionally, 33% of respondents hold a college
degree. Homeownership is prevalent, with 75% of participants owning their homes.
Approximately 9% are self-employed, while 45% are employees. On average, cash-on-hand
amounts to 29,844 euros, with a standard deviation of a similar magnitude.

The second panel displays the sample means and standard deviations for the first moments
of subjective distributions of consumption growth and eight sources of uncertainty. Average
growth rates vary across variables, reflecting considerable diversity in expectations, as

indicated by standard deviations that generally exceed the means. On average, respondents

° Except for unemployment (intervals ranging from zero to 14%) and the nominal interest rate (from 0 to 8%).
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anticipate a 0.7% increase in consumption, with a standard deviation of 3.9%. They are less
optimistic about disposable income growth, projecting an average decline of approximately 1%
across the five waves. Over the sample period, health costs are expected to rise by 0.8%, while
energy costs are projected to increase by 1.3%, both with a standard deviation of around 3.5%.

The lower part of Table 1 presents the sample means of the variances (scaled by a factor
of 100) and the second moments of the expected distributions of consumption growth and its
underlying sources of risk. The variances of income, health, and energy expenditure growth
rates are similar in magnitude and display substantial dispersion. The variances of consumption
and income growth are also comparable, though the income variance is larger, suggesting some
degree of smoothing. Appendix C (Figure C1) provides additional insights into the average
values of our risk measures over time.

Crucially, expectations vary both over time for the same individual and across

respondents. A simple variance decomposition reveals that 57% of the total variance of afz is

due to cross-sectional differences, while the remaining 43% results from time variation within
individuals. Similarly, the variance decomposition of our risk indicators shows that within-

individual variance accounts for approximately 40% of total variance.

4.1. Validation of uncertainty measures

We validate our measures of subjective uncertainty using two strategies. First, we
examine whether the moments of our risk indicators correlate with observable characteristics
— such as age, occupation, and cash-on-hand — in ways consistent with theoretical
expectations. We find that all perceived risks, particularly consumption and income risk, are
higher for younger individuals, who experience greater career uncertainty and more precarious
employment (see Appendix C, Figures C2 and C3). Additionally, we observe a strong negative
relationship between cash-on-hand and consumption risk, which aligns with precautionary
savings models predicting that the variance of innovations to consumption growth should
decrease monotonically as cash-on-hand increases (Carroll, 2001).

Further, when comparing self-employed individuals to employees, we find that the self-
employed exhibit greater income variance and a 40% higher correlation between expected
income and GDP growth, consistent with their heightened exposure to business cycle
fluctuations. Similarly, comparing younger respondents (under 35) with older respondents

(60+), we find that the younger group anticipates a significantly lower rate of health expense

12



growth (0.4% vs. 1.6%) and half the expected variance of income growth.

These findings reinforce the validity of our elicited probability distributions, suggesting
that respondents meaningfully assess and incorporate the uncertainties they face, an essential
condition for accurately accounting for the relevant risk sources when expressing their
consumption risk.

Our second strategy for validating our measures of uncertainty is to assess the consistency
between the elicited risk sources and consumption risk as implied by equation (4), Section 2.1

To do this, we define a dummy variable, I (052), which equals one if the variance of expected

consumption growth is positive and zero otherwise. Similarly, we define another dummy
variable, I(a2), which equals one when at least one source of risk has a positive variance and
zero if all sources of risk have zero variance. By interacting these two dummies, we obtain a
2x2 matrix with four possible outcomes.

If our risk sources are exhaustive, equation (3) implies that individuals who report no
source risks should also report no consumption risk, that is, [ (ag) = 0 when I(62) = 0. This
condition holds for 6,982 cases (27.9% of the sample, Table 2, Panel A). A second interesting

case arises when consumption variance is positive, [ (ag) = 1 despite no reported source risks,

1(6Z) = 0. This occurs in only 1% of the sample (247 observations), and may suggest either
that there are other risk sources not captured by our questions or an inconsistent response
(people expect consumption volatility despite facing no risk). But such cases are rare. We
interpret this as evidence that our list of source risks is fairly comprehensive for the vast
majority of the sample.

The third case involves respondents who perceive some risk, 1(62) = 1, and expect their

consumption to be volatile, [ (052) = 1. This should be the typical scenario unless individuals
can fully insure against all reported risks. Indeed, this group represents the majority of
observations (50.86%).

The fourth case, comprising 20.1% of the sample (5,058 observations), requires more
explanation. In this scenario, respondents expect no consumption risk, [ (ag) = 0 despite
reporting that at least one positive variance of the risk source, I(62) = 1. This could indicate
that some consumers effectively insure against these risks.. Alternatively, it may suggest that

they fail to pass reported risks to consumption risk, due to inattentiveness during the interview,

10 Recall that equation (4) shows that the variance of consumption innovation is a weighted sum of source risks.
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measurement issues, or the insignificance of these risks (i.e., small variances are simply
ignored).

Panel B of Table 2 compares the means variances of different risk sources among
respondents who report positive risk factors, distinguishing between those who expect no

consumption risk, [ (ag) = 0, and those who do, I (052) = 1. The results show that the variance

of each individual risk factor is much lower among those reporting no consumption risk. The
last row reveals that the average variance of these risks is 0.014 in the group expecting no
consumption risk, and 5.6 time larger among those reporting positive consumption risk (0.079).
Moreover, the former group reports an average of 2.6 risk sources with positive variance (out
of 8), compared to 6.0 in the latter group.

Because consumption risk is additive in source risks (see equation 3), this evidence
suggests that when risks are either small or few in number, individuals are more likely to insure
against them or simply do not perceive them as a threat to consumption stability. To explore
this further, we examine the relation between relate the probability of reporting zero
consumption risk and two factors: the sum of the variances of the risk sources (sum_a?)!! and
the number of risk sources with positive variance, num_I(62). Using a linear probability
model, we estimate this regression among respondent with at least one positive-variance source
risk (I(02) = 1) using the panel and controlling for individual fixed effects. The results confirm
a significant inverse relationship between the probability of reporting zero consumption risks

and both sum_a% and num_I(6%) (Table 4, panel C ).

4.2. Potential correlations among responses to different risks

In Appendix D, we examine how correlations between different risks impact our analysis.
We find that the variances of various risks are positively correlated in both the cross-section
and over time (Table D1). For example, the cross-sectional correlation between income risk and
health expenditure risk is 0.71, while the correlation between changes in these risks over time
is 0.44. More broadly, correlations in risk levels are around 0.7, and correlations in first
differences are approximately 0.4. This suggests that individuals who anticipate high risk in one

domain tend to expect higher risks in others. Similarly, those who report an increase in risk in

11 The risk sources are weighted by the pass-through coefficients estimated in Table 3.

12 Effects are large. A one standard deviation increase in sum_o2 lowers the probability of fully insuring
consumption by 23 percentage points. Holding the number of risks constant, an increase in num_I(62) by one
standard deviation lowers the probability of fully insuring consumption by 3.5 percentage points.

14



one area are likely to report rising risks in other domains as well. !

There are at least two possible explanations for these correlations. One possibility is
behavioral: individuals who have experienced economic instability may develop a heightened
perception of uncertainty across multiple domains (Ben-David et al., 2018). Alternatively,
individuals’ general perception of uncertainty—and their ability to interpret probabilities—may
influence how they assess risks in different areas. Since our goal is to understand how
underlying risks translate into consumption uncertainty, we must account for the possibility that
respondents answer similar questions in a repetitive or mechanical manner.

To investigate this, we analyze how respondents assign probabilities to different growth
intervals across seven risk indicators, all measured on the same scale (from “less than -8% to
“more than 8%”). If respondents were simply applying the same probability distribution to each
risk mechanically—e.g., assigning 20% to a given interval across all risks—it would artificially
induce correlations across risk measures. If this kind of automatic response were applied to all
intervals, it would result in identical variances (and other statistical moments) across all risks
for the same respondent. In that case, consumption risk would appear to be correlated with all
risk sources, even those that do not actually contribute to consumption uncertainty.

We address this issue in Appendix D. First, we present the distribution (Figure D1),
sample means (Table D2), and regressions (Table D3) of the probability weights assigned to
each growth interval. We then run a formal test of the hypothesis that the values assigned to
each interval across risks are similar, controlling for individual, time and question fixed effects.
This hypothesis is overwhelmingly rejected for all growth intervals. Moreover, individual fixed
effects account for only 10% to 30% of the total variance in assigned probabilities across
intervals. Overall, our test shows that there is genuine individual variability in responses across
questions, implying that our estimated relation between consumption risk and source risks is

unlikely to reflect equal answers to different questions.

5. Anatomy of consumption risk

5.1 Pass-through estimates

Table 3 presents our main findings. Column (1) reports the panel estimates for a variant

13 Notice that here we refer to the cross-sectional correlation of say, the variance of income risk and the variance
of health costs risk and not to the correlation between the subjective distribution of income growth and health costs
growth. Since our survey elicits the subjective marginal probability distributions of the two variables not their joint
distribution, we cannot make any claims about their correlation.
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of equation (3).'* Since some individuals exit the panel, the sample size decreases from 25,026
to 23,117 individual-wave observations. Because the regression includes fixed effects, the
results can be interpreted as indicating that changes in quarterly consumption risk between
October 2023 and October 2024 are partly explained by fluctuations in perceived income,
energy, and health risks, as well as by changes in aggregate uncertainty. The regression also
controls for demographic factors, including age, gender, family size, education, region of
residence, occupation, cash-on-hand, and homeownership. However, given the high-frequency
nature of our panel, these effects are largely absorbed by the fixed effects, so their coefficients
are not reported in Table 3.

As already explained, the pass-through coefficients of the risk indictors reflect the weight
of human capital in total wealth (1), and expected formal and informal insurance opportunities
(a). All pass-through coefficients are positive, implying that — on average - consumers do not
expect to be able to insure completely, either formally or informally against the risks they face.

In particular, the coefficient of income risk is positive and precisely estimated. The size
of the coefficients indicates that 20% of the expected income variance is transmitted to the
consumption variance. Also, the other coefficients of microeconomic risk (health and energy
expenditures) are positive, precisely estimated, and significantly below one.

The pass through of health expenditure risk (0.37) is higher than that of income and
energy expenditure risks. This is consistent with the evidence in Blundell et al. (2024) who find
that the pass-through of transitory health shocks to consumption is exceeds that of transitory
income shocks. The reason is that health shocks affect consumption in two ways: (i) directly,
because shocks to health affect health related expenses with a very large pass-through, as they
cannot typically be deferred; (i1) indirectly, because health status affects the marginal utility of
consumption, discouraging expenditures when bad health hits, and vice versa. Energy
expenditure shocks, like health shocks, are difficult to defer but have no direct effect on the
marginal utility of consumption. Their pass-through is of the same magnitude as that of income
risk.

Among the macro risks, only the coefficients of GDP and house price risks are positive
and statistically different from zero, while interest rate risk, inflation risk, and unemployment

risk have a minor influence. Table D4 in Appendix D shows that results are stable across the

14Tn the Appendix we regress the variance of consumption on the variances of the other risk indicators, separately
for each of the five ISCE waves (Table C2). In these OLS regressions we exploit the cross-sectional variability of
the risk indicators.
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five waves for the income risk and health risk coefficients, and that in each of the subsamples
the regression explains more than 70% of consumption volatility.

One potential concern is that the positive correlation between consumption risk and
underlying risk factors may be affected by the individuals who report positive consumption
variance but no variance in the source risks.!®> These responses are either inconsistent or arise
from uncertainty sources not captured in our data. Excluding this group leaves the results
unchanged (column 2, Table 3). As explained in Section 4.2, a second, larger group of

respondents (27.9%) reports zero variance for each of the risk factors, that is, [ (afz) = (0 and

1(62) = 0. In column 3 we drop these observations. Also in this restricted sample estimated
pass-through coefficients very close to those in column (1).
In column (4) we further drop all observations reporting zero consumption risk even

though they report positive values for one or more risk factors, that is, I (052) = 0and I(c?) =

1. In this restricted sample with 11,575 observations, the pass-through coefficient of income
risk increases to 0.24 (from 0.21 in column 1), while the pass-through of health and energy
risks are slightly lower than in column 1 (0.31 and 0.16, respectively). But qualitatively results
are similar across sample selections.

Table 4 presents the panel fixed-effects estimates of equation (4), incorporating potential
interactions between different risks—specifically, the product of the standard deviations of the
subjective distributions, as specified in equation (4). We first estimate a model that includes the
full set of covariances among the eight risk factors. We then refine the model by retaining only
the two covariances with statistically significant coefficients.

Column 1 shows that the covariance between expected health expenditure growth and
expected income growth has a positive coefficient, aligning with findings from Blundell et al.
(2024) and Fulford and Low (2024) that suggest a positive correlation between health and
income shocks. In contrast, the covariance between inflation and house price growth has a
negative coefficient, consistent with the idea that housing serves as a hedge against inflation.
We then report in column 2 of Table 4 the marginal effects and associated standard errors of

the risk indicators, evaluated at the sample means of the expected variances of the risks

15 In Section 4.2. we identify 1% of the cases for which 1(052) > 0 when I(c2) = 0.
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considered.'® Comparing the results in Tables 2 and 3, we conclude that the pass-through of the

risk factors are quite stable even allowing for potential covariance effects.

5.2 Pass-through heterogeneity
Recall that the pass-through coefficients in equation (3) should vary across population
groups with different risk exposure and access to insurance. While our data do not allow us to
disentangle these two factors — meaning we cannot separately estimate the a, and m,
coefficients, we can still assess their relevance by focusing on those groups where we would
expect, a priori, we expect in both risk exposure (7 coefficients) and insurance (a coefficients).
To identify these groups, the descriptive analysis in Section 4 is useful. For instance,
individuals with high levels of human capital relative to wealth (the young with more career
uncertainty) should be more exposed to income risk (have higher n)z/ in equation 3) whereas
those individuals with high levels of wealth relative to income (older and retired individuals)
have a larger buffer and are less exposed to income risk. Similarly, compared to the self-
employed, employees should be less exposed to business cycle fluctuations, as their wages tend
to be more stable—a pattern reflected in the elicited expectations discussed in Section 4..
Table 5 presents separate pass-through regressions for different consumer groups based
on age (<35 and >60), occupation (employee vs. self-employed), and sector of activity. For the
latter, we classify workers into “high-risk sectors,” which include agriculture, manufacturing,
and construction, and “low-risk sectors,” which encompass services and public administration.
The pass-through coefficients align with a priori expectations regarding differences in
risk exposure across groups. For instance, compared to older individuals (age >60), the pass-
through of income risk is higher for younger individuals (age <35). Similarly, while the pass-
through of unemployment risk is small and not statistically significant in the overall sample
(Table 4), it becomes larger and significant among younger individuals but remains small and
insignificant among older individuals. Additionally, the pass-through of house price risk is

higher for the older group, which is consistent with their greater exposure to house price

2
&
18 For instance, the marginal effect of income risk is evaluated as By + 2By \/: , where 7 and G/ are,
=2
0.
y

respectively, the average variances of the health and income distributions.
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fluctuations due to higher homeownership rates. Employees exhibit a significantly lower pass-
through of energy expenditure risk than the self-employed (0.165 vs. 0.271), reflecting the fact
that self-employed individuals are more vulnerable to energy cost fluctuations, as energy serves
as both a production input and a consumption good. Furthermore, the self-employed show a
pass-through of GDP growth risk that is twice as large as that of employees. Consistent with
these findings, individuals employed in high-risk sectors exhibit a higher pass-through of
income risk compared to those in low-risk sectors (0.33 vs. 0.22).

Table 6 presents estimates based on cash-on-hand as a measure of heterogeneity in access
to self-insurance. Individuals with low cash-on-hand (less than €10,000) exhibit a 35% higher
pass-through of income risk to consumption volatility compared to those with high cash-on-
hand (above €30,000). Additionally, their pass-through of health and energy expense risks is
9% and 12% higher, respectively. These findings support the hypothesis that cash-on-hand
provides a form of self-insurance against income and expenditure shocks, particularly income
shocks. Overall, the evidence in Tables 5 and 6 reinforces our decomposition exercise and
suggests that both risk exposure and access to insurance play key roles in explaining the
determinants of consumption risk.

The last two columns of Table 6 highlight that the pass-through of income risk is
significantly higher for younger individuals with low cash-on-hand (0.295). This indicates that
income risk has a greater impact when financial buffers are limited and individuals are in the
early stages of their careers, where income volatility is typically higher. Conversely, the pass-
through of income risk declines considerably for older individuals with greater cash reserves
(0.127). Furthermore, macroeconomic risks have a much lower impact on consumption
volatility among younger individuals with low cash-on-hand compared to older individuals with

substantial financial buffers.

5.3 Contribution of risk sources to consumption uncertainty

To evaluate the economic significance of different sources of risk, Table 7 presents the
contribution of each risk factor to predicted consumption risk. For the full sample, we use the
pass-through coefficients estimated in Table 3 (column 1) and calculate contributions based on
the mean values of the source risk variables. Specifically, for each risk source, its contribution
to predicted consumption risk is obtained by multiplying the estimated pass-through coefficient

by the sample mean of that risk’s variance and dividing by the sample average of consumption
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risk. We differentiate between idiosyncratic and aggregate risks and provide estimates for the
full sample as well as various consumer sub-groups classified by risk exposure (young vs. old;
employed vs. self-employed; high-risk vs. low-risk sectors) and self-insurance capacity (low
vs. high cash-on-hand).

Panel A of Table 7 shows that, for the full sample, idiosyncratic risks account for the
majority of consumption risk (72.8%), while aggregate risks contribute only 17.4%, and
demographic factors and time effects together explain the remaining 9.8%. Notably, health
expenditure risk emerges as the largest contributor to expected consumption risk (33.6%). Since
the average variance of health risk is lower than that of income risk (see Table 1), its large
contribution is driven by the higher pass-through coefficients documented in Tables 4 to 6,
consistent with findings in Blundell et al. (2024). Similarly, while energy risk has a lower
average variance than income risk, its substantial pass-through coefficients highlight the
significance of expenditure shocks, supporting the results of Fulford and Low (2024).

In the remaining columns of Panel A in Table 7, we further decompose consumption risk
across different groups, highlighting heterogeneity in risk exposure. The share of consumption
risk attributable to individual-level risks varies significantly, ranging from a low of 61% among
individuals aged 60 and above to a high of 77% for those working in high-risk sectors. We also
observe relatively high contributions of micro risks for younger individuals (77%) and the self-
employed (75%). In contrast, aggregate risks play a larger role for older individuals (25%) but
are less significant for younger individuals and those in high-risk sectors (16%). For other
groups, aggregate risks contribute between 15% and 18% of total consumption risk.
Demographic factors and time effects account for approximately 10% of consumption risk.

Panel B shifts the focus to differences in self-insurance capacity. Here, income risk is
shown to be more important for individuals with low cash-on-hand, while macroeconomic risks
are substantially more significant for wealthier individuals with greater financial buffers.

The findings in Table 7 indicate that consumption uncertainty affects all population
segments, though the relative importance of different risk sources varies significantly across
groups. This variation underscores the role of precautionary savings, though the motivations
for accumulating such savings differ based on life stage, occupation, employment sector, and

individual capacity to manage financial risks.

5.4. Willingness to pay to fully insure residual consumption risk
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As a final exercise, we leverage data on consumption uncertainty and its sources to

estimate individuals' willingness to pay for insurance against consumption risk. Following
Lucas (2003), this can be computed as (%RRA X af), representing the risk premium a

consumer with risk aversion RR4 would be willing to pay to insure against consumption growth
volatility of size o2.

Since we observe g2 , we can back up the contribution from business cycle fluctuations
(Lucas focus) and from idiosyncratic uncertainty. However, it is important to note that our
measure of o reflects residual consumption risk, i.e., the portion that remains after consumers
have utilized available insurance mechanisms to mitigate the pass-through of source risks onto
consumption uncertainty. This distinction underscores that the estimated willingness to pay
represents compensation for risks that individuals are unable to fully insure against through
existing financial or informal risk-sharing arrangements.

From Table 7, we observe that 62 =0.057%. In Section 6, our Euler equation estimates
suggest a relative risk aversion (RRA) of 1.4. Therefore, the willingness to pay to avoid residual
consumption uncertainty for the average consumer in our sample is 0.5 X 1.4 X 0.057 =
0.04% of consumption. The contribution to consumption uncertainty from micro and macro
risks are 0.728 and 0.174, respectively. Thus, the willingness to pay to insure micro risks
amounts to 0.029% of consumption, while the willingness to pay to insure aggregate fluctuation
to 0.011%. This constitutes a small welfare cost, confirming Lucas' (2003) conclusion that the

willingness to pay for insurance against consumption uncertainty is relatively low.

6. Euler equation estimates

The first step of our analysis has shown that the expected volatility of consumption can
be attributed to a variety of risks, with pass-through coefficients consistently below 1, reflecting
a combination of risk exposure and insurance opportunities. However, the impact of
consumption risk on expected consumption growth remains to be explored. In this section, we
use our data on consumption risk and its determinants to estimate an Euler equation for
consumption. The goal is to assess whether expected consumption volatility influences the
expected rate of consumption growth and to measure the strength of the precautionary savings
motive.

Following Blanchard and Mankiw (1988), we approximate the Euler equation using a
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second-order Taylor expansion of the marginal utility of consumption u'(c;4;1) around c;.

Solving for the expected growth rate of consumption we obtain:

Ct41—Ct\ r—& 1 Ct+1—Ct z )
B (A2=2) = £15 (55) +5p(OB () + i (5)
where p(c) = — = (et s Kimball's coefficient of relative prudence, EIS = —— €0 _is the
u”(cp) u"(cp)ce

elasticity of intertemporal substitution which in this framework is also equal to the inverse of

the coefficient of relative risk aversion, and 1 is a remainder term in the Taylor approximation.

2
¢, —C
The second moment of the conditional distribution of consumption growth £, [L] isa
Cl‘

measure of the expected variability of consumption.

Equation (5) shows that the anticipated volatility of consumption growth is linked to a
higher growth rate of consumption. Consumption uncertainty prompts consumers to reduce
current consumption and increase savings, with the extent of this adjustment depending on their
degree of prudence.!” There two ways to estimate equation (5). One approach is to use realized
consumption data, as pioneered by Dynan (1993). However, this method faces significant
identification challenges due to the endogeneity of realized consumption and the difficulty in
finding valid instruments (see, for example, Carroll, 2001). Our proposed alternative, following
Christelis et al. (2020), is to rely on data regarding consumers' subjective expectations of the
distribution of consumption growth. This allows us to obtain measures of the key variables in
equation (5) — the expected rate of consumption growth and its expected second moment, both
conditional on the information available to consumers. We assume that prudence is a parameter
invariant to wealth (as implied by CRRA preferences), and express the equation in a regression

framework:

Eit(gi,t+1) =Yo+ (‘)Eit(giz,t+1) +fi+diyr + Vigsr (6)

17 In the certainty equivalence model consumers do not respond to uncertainty and p(c) = 0. Caballero (1991)
demonstrates that if utility is exponential and income follows a random walk, then expected consumption growth
equals the product of the coefficient of relative prudence and the variance of income, normalized by current
income. A closed-form solution can also be derived if utility is isoelastic and consumption growth is normally
distributed.
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where E;(gir+1) and Ej;(g?.,,) represent, respectively, the first and second moment of the

distribution of expected consumption growth in period #+1, (g,,, ,); f; and d;, are individual

and time fixed effects, and v; ;.4 1s an error term. The individual fixed effects capture systematic
differences in returns to wealth, as documented in Fagereng et al. (2020). The parameter w
equals 2 of the degree of relative prudence and thus identifies the strength of the precautionary
saving motive. In some specification we allow w = w(z;) to vary depending on observables
z; that the literature has shown to correlate with individual risk aversion. We do this to increase
confidence that we are identifying a structural preference parameter.

Notice that the error term v; .., of equation (6) is not a forecast error, which allows
equation (6) to avoid endogeneity problems that typically affect estimates based on ex-post
consumption realizations. Additionally, systematic deviations of expectations from realizations
do not undermine the consistency of our estimates, even with short panels.'® However, there
remains the possibility that unobservable variables included in the error term are correlated with
consumption risk (this could arise, for example, from omitted higher-order terms in the Taylor
expansion). Furthermore, subjective expectations might be influenced by measurement error,
which could also affect our estimates in Table 8 presents the estimates of two versions of
equation (6): (1) OLS without and with fixed-effects panel estimation; (ii) IV fixed-effects panel
estimation, using the second moments of risk factors as instruments. The IV specification is our
preferred one, as it allows us to trace the effect of consumption volatility back to the underlying
risk sources. Column (1) shows a basic OLS regression The coefficient of consumption risk is
precisely estimated at 1.137, implying a coefficient of relative prudence of 2.27. This value is
in line with previous evidence based on different methodologies and datasets. '’

The Euler equation (6) is derived under the assumption of perfect capital markets, but this

'8 If one uses realized consumption data, one can write equation (6) in a regression framework as: g; ;41 = Yo +
+wgfisr + fi +d; + vigeq + e, Butin this case the term v; 4 is the difference between realized and expected
consumption (the forecast error), which is likely to be correlated with g7, . For instance, if households receive
positive news, they may revise consumption upward, affecting both the mean and the variance of the (ex post)
consumption distribution. Consequently, any regression of realized consumption growth on realized consumption
volatility produces inconsistent estimates of the strength of the precautionary motive (Carroll, 2001). Another
consequence of the presence of the expectational error is that estimates derived from short panel data may be
inconsistent (Chamberlain, 1984).

1 Dynan (1993) estimates the Euler equation using realized consumption data and an instrumental variable
approach. Bertola et al. (2005) use the subjective variance of income growth from the SHIW as an instrument for
realized consumption variability, finding a coefficient of relative prudence of approximately 2. Similarly, Fagereng
et al (2017) estimate a prudence coefficient of 2 by instrumenting income variance with the variance of shocks to
the firm the consumer is employed. Christelis et al. (2020) regress expected consumption growth on expected
consumption risk in Dutch data and also obtain a relative prudence estimate of 2.
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equation may not hold in the presence of liquidity constraints or myopic consumers. To capture
these individuals, we assume that some consumers set consumption equal to income in each
period. Column 2 nests the two models and adds expected income growth to the regressors. The
coefficient of consumption risk is 2.06 (implying relative prudence of 4.12), and the coefficient
of income growth is 0.29, consistent with a large body of empirical evidence showing that
consumption growth is sensitive to expected income growth.?

In column 3 of Table 8 we add individual fixed effects, which capture heterogeneity in
returns on wealth across individuals. The estimate on consumption risk, (-1.76), is of the same
order of magnitude as in the OLS estimates, yielding a measure of prudence of 3.52.

Column 4 presents IV fixed-effects estimates, using the second moments of the expected
distributions of our microeconomic risk factors (expected income growth, expected healthcare
expenditure growth, and expected growth of energy costs) as instruments. Column 5 also
includes in the instrument list macroeconomic sources of risk, such as GDP, inflation, interest
rate, unemployment, and house price risks. 2! In both cases, the effect of consumption risk is
precisely estimated, with implied prudence ranging between 2.8 and 2.5. We take the latter as
our reference estimate. Excess sensitivity remains nearly unchanged across both specifications
and is also precisely estimated.??

Panel B of Table 8 exploits heterogeneity in risk aversion based on observable
characteristics to strengthen the structural interpretation of the estimated prudence parameter.
Under CRRA preferences, relative prudence is directly related to relative risk aversion,
following the relation: prudence = 1+ RRA. To explore this relationship, we split the sample in
two ways. First, columns (1) and (2) distinguish between younger individuals (age<=35) and
older ones (age>60). Second, columns (3) and (4>) split the sample by occupational risk, given
that risk aversion is positively related to and age, and influences job selection — more risk averse
individuals are more likely to choose safer jobs, such as positions in the public sector (e.g.
Albert Duffy, 2012). The Euler equation estimates reveal a clear pattern: prudence is
significantly lower among the young (approximately 2.2) compared to the old (5.8), consistent

with the idea that older individuals tend to be more risk averse. Similarly, prudence is lower for

20 For further references, see Jappelli and Pistaferri (2017), Havranek and Sokolova (2020), Crawley and Theloudis
(2024).

21 Table C3 in Appendix C reports the first stage regressions corresponding to columns 1 and 2 in Table 8.

22 As robustness check, we exclude observations where consumption risk, risk factors, or both equal to zero,
following the approach in Table 3. This exclusion does not affect the results, particularly the coefficient of
prudence.
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individuals employed in low-risk sectors (around 0.6, though with a high standard error) than

for those employed in high-risk sectors (approximately 5.2).

7. Size and drivers of precautionary saving

Using our estimate of the Euler equation, along with information on subjective
distributions of consumption and the underlying risks, we assess how precautionary savings
influence consumption and its sensitivity to various risks that drive expected consumption
volatility. The detailed methodology and step-by-step approach are provided in Appendix A2.
Here, we outline the key intuition and discuss the results.

For an individual of age a, the Euler equation estimates the expected consumption growth
rate, which consists of two main components: (i) a precautionary saving component, wag?,
which corresponds to the second term on the right-hand side of equation (6). The parameter w
is estimated in Table 8, while the second moment of expected consumption growth o2 is derived
from the elicited distributions of future consumption growth. The second component (a¢ = y, +
fi) captures other motives for savings, including intertemporal substitution and heterogeneity
in returns to capital, which is accounted for by the individual fixed effects. Our assumption is
that this component remains unchanged when the precautionary motive is removed.

Following Caballero (1990, 1991) we assume that uncertainty influences the volatility of
future resources but does not alter their expected value over the remaining lifetime. Under this
assumption, uncertainty affects only the slope of the age profile of expected consumption from
age a onwards, while leaving its total lifetime value unchanged. Since w > 0 current
consumption under uncertainty, Cy, will be lower than current consumption under certainty, C,,.

In the appendix we derive the ratio of these two consumption levels:

T—a1+a k
Ca ka=0[1+ra

Ca YO+ au+ o) /A + DK

Ha <1

Here r represents the real rate of interest used to discount expected consumption over the life
cycle. Thus (1 — pu,) is the level of precautionary savings relative to consumption under

certainty. Following the prediction in Caballero (1991), we can test twhether precautionary
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savings decreases as an individual’s horizon shortens.?

In Table 9 we report the average values of (1 — p,) for the entire sample and for three
age groups: young (ages 18-24), middle-aged (40-45), and pre-retirement (60-65). To estimate
the consumer’s horizon, we use life expectancy tables (separately for males and females) and
set the discount rate at 3%. We obtain the relevant parameters from the first stage estimates of
regression (5) in Table 8 (column 5) and evaluate (1 — p,) at the sample means of the risk
factors used as instruments. On average, precautionary savings accounts for 2.74% of
consumption, with individual-level risks contributing nearly 2 percentage points and aggregate
risk accounting for 0.8 percentage points. These results remain consistent when performing the
calculations separately for males and females, or when assuming that the discount rate is 2 or
4%.

For the 18-24 age group, (1 — ug) = 4.2%, higher than the sample average. In terms of
the sources of precautionary saving, 69% stems from microeconomic risks, while the remaining
31% from aggregate risks. For the middle-aged and the pre-retirement groups precautionary
savings decline notably with age (3.3% and 1.7%, respectively), in line with predictions from
precautionary savings models. There is also a mild age-related shift in the composition of these
savings. While idiosyncratic risk accounts for 69% of precautionary savings among the young,
this share rises to 74% among older individuals, largely due to the increasing importance of
energy and health expenditure risks in later life.

Finally, we can contrast the welfare cost of these fluctuations estimated in Section 5 with
the amount of precautionary savings that consumers are willing to pile up to cushion business
cycle fluctuations. From Table 9 this amounts to 0.78% of consumption, much higher than the
willingness to pay to insure against aggregate fluctuations (0.007%). This is what it should be,
since paying to avoid the business cycle entails a sure loss of consumption while precautionary

savings entail only procrastination of consumption.

7. Conclusions

Intertemporal consumption models suggest that consumers’ decisions depend on the

2 In Caballero (1990) the statistic (1 — u,) has a closed-form solution given by gaz(T — a) where p represents

the degree of relative prudence, o2 is the squared coefficient of variation of the innovation to the income process,
assumed to be normally distributed, and T — a denotes the remaining horizon for an individual aged a.
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expected variability of consumption, which, in turn, reflects all relevant sources of uncertainty
they face. However, most of the literature has primarily focused on income risk and the
strategies consumers use to mitigate it. While income uncertainty is a major concern, it is not
the only source of risk affecting consumption. Focusing solely on income risk overlooks other
important uncertainties. This paper fills that gap by eliciting the probability distribution of
expected consumption risk, along with a comprehensive set of underlying risk sources. This
approach allows us to uncover several novel findings that enhance our understanding of the
anatomy of consumption risk:

First, we find significant heterogeneity in both consumption risk and its underlying
sources. About 28% of consumers report no uncertainty from risk sources and thus experience
no consumption risk. Another 20% also report no consumption risk, possibly due to their ability
to insure against the risks they face—which typically happens when risks are limited in numbers
and small. However, the majority of consumers experience multiple sources of risk that, in turn,
influence their expected consumption volatility.

Second, the extent to which risk sources affect consumption varies between zero and one
for all risks, but is significantly higher for individual-specific risks than for aggregate risks.
Third, the pass-through of expenditure risks arising from health and energy price shocks is at
least as large as that of income risk. Fourth, when considering both the size of risks and their
pass-through rates, we find that individual-specific risks account for most of consumption
uncertainty, whereas aggregate risks (including business cycle fluctuations) contribute less than
a quarter of the overall consumption uncertainty. Finally, we document substantial
heterogeneity in both pass-through rates and the relative importance of different risk sources,
reflecting differences in risk exposure (e.g., age and employment sector) and access to insurance
(e.g. liquid resources available for self-insurance).

Using our data, we estimate the structural parameter of the Euler equation for
consumption and leverage it to quantify precautionary savings flows, examining how different
risks contribute to these savings and how they vary across consumers. Our findings suggest that
precautionary savings account for slightly less than 3% of consumption, with about 2
percentage points allocated to buffer individual-level risks and 1 percentage point in response
to aggregate risk. Precautionary savings are higher among younger consumers (~4%), a group
more exposed to microeconomic risks.

We see this study as a first step in a broader research agenda aimed at evaluating the
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welfare costs of limited insurability when consumers face multiple sources of risk. This requires
a full-fledged structural life-cycle model that accounts for heterogeneous exposure and
insurability across multiple risks. Such a model, which will be calibrated using our empirical

findings, will be developed in a separate study.
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Table 1. Descriptive statistics

Mean Standard deviation
Male 493 .5
Age 48.379 14.299
Family size 2.784 1.133
College degree 222 415
North 464 499
Centre 195 .396
South 341 474
Employed 449 497
Self-employed .088 283
Cash-on-hand 29.844 23.185
Homeowner 758 428
Consumption growth .007 .039
Income growth -.01 .035
Health expenditures growth .008 .035
Energy expenditures growth .013 .036
Nominal interest rate .031 .023
GDP growth -.013 .036
Inflation .013 .038
Unemployment rate .09 .039
House price growth .001 .032
Variance of Second moment of

Consumption growth .057 211
Income growth .064 195
Health expenditures growth .051 182
Energy expenditures growth .047 195
Nominal interest rate .012 157
GDP growth .048 194
Inflation .045 .206
Unemployment rate .033 .999
House price growth .043 143
Observations 25,026 25,026

Note. The table reports the sample means and standard deviations of selected variables from the ISCE. The average
growth rates and their standard deviations are presented as the original numbers, while the variances are multiplied
by 100. All statistics are computed using sample weights from the pooled 2023-24 ISCE.
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Table 2. Distribution of consumption risk, by risk factors

Panel A. Cross-tabulation of / (0‘ ?) and I(a?)

1(2) 1(3) Total
0 1

0 6,982 5058 12,040
(27.90) (20.21) (48.1)1

1 257 12,729 12,986
(1.03) (50.86) (51.89)

Total 7,239 17,787 25,026
(28.93) (71.07) (100)

Panel B. Average risk factors, by consumption risk groups

I(6?) =1andI(c}) = 0

I(6?)=1andI(c}) =1

Income risk .039 11
Health risk .008 .098
Energy risk .007 .089
Interest rate risk .006 .022
GDP risk .017 .087
Inflation risk .013 .082
Unemployment risk .015 .058
House price risk .005 .083
Average risk .014 .079
Average number of positive risks 2.59 6.04
N 5,058 12,729

Panel C. Probability of reporting zero consumption risk in the sample with some positive source risk

Coefficient Standard error
sum_o2 -0.504 (0.059)***
num_I(c?) =1 -0.087 (0.002)***
R? 0.533
N 16,251

Note. Panel A presents a cross-tabulation of two dummy variables: I(c2) equals one if the variance of at least one
risk source is positive, and zero otherwise; I (052) equals one if the variance of expected consumption growth is
positive, and zero otherwise. Percentage are reported in parenthesis. Panel B shows the averages of risk sources
and the average number of positive risk factors when the variance of consumption growth is zero or positive.
Statistics are computed sample weights. Panel C reports results from a linear regression of the probability of zero
consumption risk on the weighted sum of the variances of source risk and on the number of non-zero-variance
source risks.
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Table 3. Determinants of consumption risk

Whole sample ];l(XCll;le% Excluding also Excluding also
0' —
whgn 1(0?) = I(c¢)=0 I(0#) = 0 when
1 when I(02) = 1(c?) =1
0
(1 2 3 “
Income risk 0.206 0.207 0.191 0.240
(0.013)*** (0.013)*** (0.014)*** (0.019)***
Health risk 0.373 0.373 0.360 0.314
(0.022)*** (0.022)*** (0.022)*** (0.025)***
Energy risk 0.195 0.196 0.202 0.157
(0.023)*** (0.023)*** (0.024)*** (0.024)***
Interest rate risk 0.063 0.065 0.052 0.053
(0.056) (0.056) (0.060) (0.074)
GDP risk 0.074 0.075 0.070 0.065
(0.018)*** (0.018)*** (0.019)*** (0.022)***
Inflation risk 0.008 0.008 0.016 0.010
(0.020) (0.020) (0.021) (0.024)
Unemployment risk 0.024 0.024 0.020 0.014
(0.021) (0.021) (0.023) (0.029)
House price risk 0.104 0.103 0.105 0.084
(0.022)*** (0.022)*** (0.023)*** (0.025)***
R? 0.57 0.58 0.53 0.45
N 23,117 22,885 16,251 11,575

Note. The variable 1(052) equals one for observations where the variance of expected consumption growth is

positive, and zero otherwise. The variable () equals one when at least one source of risk has a positive variance,
and zero if all sources of risk have zero variance. All regressions are panel fixed effects estimates and include time
fixed effects and demographic variables. Standard errors in parentheses. * significance at 10%, ** significance at

5%, *** significance at 1%.
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Table 4. Determinants of consumption risk, with interaction terms

Coefficients Marginal effects
6] ()
Income risk 0.143 0.247
(0.017)*** (0.017) ***
Health risk 0.249 0.378
(0.036)*** (0.222)%**
Energy risk 0.184 0.184
(0.023)**x* (0.023)**x*
Interest rate risk 0.065 0.065
(0.055) (0.055)
GDP risk 0.070 0.070
(0.017)*** (0.017)***
Inflation risk 0.063 -0.004
(0.028)** (0.020)
Unemployment risk 0.026 0.026
(0.021) (0.021)
House price risk 0.155 0.085
(0.033)*** (0.021)***
s.d.(income growth)xs.d(health exp. growth) 0.231
(0.048)***
s.d.(inflation)xs.d.(house price growth) -0.137
(0.050)***
R? 0.58
N 23,117

Note. Coefficients in column (1) represents panel fixed effects estimates. Column (2) reports marginal effects and
their associated standard errors, evaluated at the sample means of the expected variances of the risks considered.
All regressions include demographic variables. Standard errors in parentheses. * significance at 10%, **
significance at 5%, *** significance at 1%.
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Table S. Pass-through to consumption volatility. Sample splits by employment and age

Age<=35 Age>60 Employees Self-employed Low risk High risk
sector sector
Income risk 0.186 0.143 0.216 0.194 0.220 0.326
(0.022)*** (0.026)*** (0.020)*** (0.047)*** (0.029)*** (0.055)***
Health risk 0.388 0.372 0.374 0.351 0.352 0.272
(0.036)*** (0.054)*** (0.032)*** (0.058)*** (0.040)*** (0.061)***
Energy risk 0.231 0.168 0.165 0.271 0.142 0.129
(0.043)%** (0.050)*** (0.034)*** (0.057)*** (0.034)*** (0.060)**
Interest rate risk -0.010 -0.016 0.072 0.190 0.015 -0.123
(0.106) (0.103) (0.088) (0.205) (0.124) (0.170)
GDP risk 0.030 0.099 0.061 0.126 0.057 0.123
(0.036) (0.032)*** (0.024)** (0.063)** (0.029)** (0.065)*
Inflation risk -0.016 0.031 0.014 -0.026 0.034 0.002
(0.039) (0.032) (0.028) (0.066) (0.035) (0.076)
Unemployment risk 0.106 0.028 0.032 -0.044 0.007 0.013
(0.047)** (0.032) (0.036) (0.080) (0.049) (0.084)
House price risk 0.096 0.198 0.117 0.084 0.078 0.074
(0.042)** (0.056)*** (0.031)*** (0.064) (0.043)* (0.052)
R? 0.56 0.60 0.55 0.58 0.45 0.44
N 5,592 5,779 10,493 2,041 4,601 1,804

Note. All regressions use the panel fixed effects estimator and include demographic variables and time effects.
High-risk sectors includes respondents working in agriculture, manufacturing and construction, while low-risk
sectors include services and public administration. Standard errors in parentheses. *significance at 10%,
**significance at 5%, ***significance at 1%
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Table 6. Pass-through to consumption volatility. Sample splits by cash-on-hand

Cash-on- 10<Cash-on- Cash-on- Cash-on- Cash-on-
hand<=10 hand<=30 hand>30 hand<=10 hand>30 and
and Age<=35 Age>60
Income risk 0.265 0.202 0.197 0.295 0.127
(0.034)*** (0.020)*** (0.028)*** (0.062)*** (0.038)***
Health risk 0.327 0.446 0.300 0.288 0.221
(0.050)*** (0.034)*** (0.032)*** (0.103)*** (0.052)***
Energy risk 0.245 0.175 0.218 0.386 0.194
(0.067)*** (0.036)*** (0.040)*** (0.137)*** (0.070)***
Interest rate risk 0.049 0.095 -0.022 -0.040 0.201
(0.142) (0.090) (0.098) (0.216) (0.152)
GDP risk 0.024 0.125 -0.000 0.025 0.103
(0.036) (0.028)*** (0.031) (0.076) (0.051)**
Inflation risk -0.023 -0.011 0.052 0.072 -0.009
(0.050) (0.030) (0.040) (0.087) (0.062)
Unemployment risk 0.048 0.005 0.033 0.051 -0.026
(0.052) (0.031) (0.043) (0.098) (0.056)
House price risk 0.105 0.055 0.140 -0.004 0.242
(0.045)** (0.033)* (0.051)*** (0.086) (0.108)**
R? 0.56 0.61 0.52 0.61 0.48
N 4,874 10,294 7,949 1,110 2,728

Note. All regressions use the panel fixed effects estimator and include demographic variables and time effects.
Cash-on-hand is defined as financial assets plus monthly income in euros. Standard errors in parentheses. *
significance at 10%, ** significance at 5%, *** significance at 1%
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Table 7. Anatomy of consumption risk

Panel A. Whole sample Total Age Age Employed Self- Low High
and risk exposure <=35 >60 Employed risk risk
_groups sectors  sectors

(1) () (3) “4) (5) (7 (®)
Income risk 232 223 .144 246 226 231 279
Health risk .336 346 335 .335 314 344 316
Energy risk 161 .194 136 137 21 136 178
Micro risks 728 764 .616 718 75 J11 773
GDP risk .062 .029 071 .049 .099 .047 .09
House price .079 .074 139 .09 .07 .088 .074
Interest rate risk .013 0 -.003 .016 .037 .013 -.017
Inflation risk .006 -.017 .026 012 -.018 .02 -.015
Unemployment risk .014 .06 .019 .019 -.026 .012 .024
Macro risks 174 .146 252 .188 .163 18 156
Demographics and time 098 .09 133 094 087 109 071
Total 1.000 1.000 1.000 1.000 1.000 1.000 1.000
Consumption risk .057 .069 .035 .059 .065 .060 .063
Panel B. Self-insurance Cash<10 10<Cash<30  Cash>30
groups

1) () 3)

Income risk 304 227 219
Health risk .289 399 278
Energy risk 202 145 175
Micro risks 795 72 671
GDP risk .021 105 -.003
House price .08 .043 A
Interest rate risk .01 .02 -.004
Inflation risk -.019 -.008 .04
Unemployment risk .027 .003 .019
Macro risks A2 .163 152
Demographics and time .084 065 177
Total 1 1 1
Consumption risk .065 .066 .040

Note. The table reports the contribution of microeconomic and aggregate risks (evaluated at the sample means) to
consumption risk for the entire sample and for different groups. Column (1) in Panel A uses the regression
coefficients of Table 2 column (1), while the other columns use the corresponding regression coefficients from
Table 5. Panel B uses the regressions coefficients from Table 6.
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Table 8. Euler equation estimates

Panel A OLS OLS FE IV FE IV FE
6] () 3) “) (%)
Consumption risk 1.137 2.061 1.764 1.408 1.250
(0.088)*** (0.088)*** (0.106)*** (0.243)*** (0.232)***
Wave 2 0.002 0.002 0.002 0.002 0.002
(0.001)*** (0.001)*** (0.001)*** (0.001)*** (0.001)***
Wave 3 0.003 0.002 0.002 0.001 0.001
(0.001)*** (0.001)*** (0.001)** (0.001)** (0.001)*
Wave 4 0.001 0.001 0.001 0.000 0.000
(0.001)* (0.001) (0.001) (0.001) (0.001)
Wave 5 0.002 0.002 0.002 0.001 0.001
(0.001)*** (0.001)*** (0.001)** (0.001) (0.001)
Expected income growth 0.288 0.252 0.248 0.246
(0.007)*** (0.009)*** (0.009)*** (0.009)***
N 23,117 23,117 23,117 23,117 23,117
Panel B IV FE IV FE IV FE IV FE
Age<=35 Age>60 Low risk High risk
1) () 3) “)
Consumption risk 1.097 2.887 0.281 2.516
(0.422)%** (0.572)%** (0.380) (0.659)***
Wave 2 0.001 0.004 0.001 0.001
(0.001) (0.001)*** (0.001) (0.002)
Wave 3 -0.001 0.004 -0.000 0.001
(0.001) (0.001)*** (0.001) (0.002)
Wave 4 -0.001 0.003 -0.002 -0.002
(0.001) (0.002)** (0.001) (0.002)
Wave 5 0.001 0.005 -0.002 0.001
(0.002) (0.002)*** (0.001) (0.002)
Expected income growth 0.285 0.245 0.246 0.300
(0.018)*** (0.020)*** (0.015)*** (0.026)***
N 5,592 5,779 8,529 3,208

Note. The dependent variable is expected consumption growth. Consumption risk is the second conditional
moment of the distribution of expected consumption growth. The upper panel presents full sample estimates: OLS
estimates in columns (1) and (2), fixed effects in column (3), and IV with fixed effects in columns (4) and (5). In
column (4), the instruments are the microeconomic risks, while in column (5) the instruments include both micro
and macro risks. The lower panel reports fixed effects IV estimates using micro and macro risks. High-risk sectors
includes the sample of respondents working in agriculture, manufacturing and construction, while low-risk sectors
include services and public administration Standard errors are in parentheses. * significance at 10%, **
significance at 5%, *** significance at 1%.

39



Table 9. Contribution to precautionary saving

Total sample 18-24 sample 40-45 sample 60-65 sample

Income risk 0.64 0.99 0.81 0.37
Health risk 0.76 1.13 0.85 0.53
Energy risk 0.56 0.81 0.68 0.37
Micro risks 1.96 2.93 2.34 1.27
House price risk 0.24 0.39 0.31 0.13
GDP risk 0.19 0.34 0.26 0.10
Interest rate risk 0.01 0.01 0.01 0.01
Inflation risk 0.27 0.45 0.35 0.16
Unemployment risk 0.07 0.10 0.07 0.04
Macro risks 0.78 1.29 1.00 0.44
Excess saving 2.74 4.22 3.34 1.71

Note. The contribution to precautionary saving is computed using the Euler equation estimates from column (5) of
Table 8. All values are expressed as a percentages. Expected life is based on the 2023 ISTAT life tables, separately
for males and females, and averaged over the 18-24 age interval. Column 1 predicts contribution using the sample
of individuals 18-24 years old. Column 2 excludes individuals reporting no risk. All statistics are presented as
percentages.
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