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Abstract

This paper investigates how income shocks shape consumption dynamics over the

business cycle. First, we break new ground and create a unique panel dataset of

transitory and permanent income shocks by combining household-level income ex-

pectations with realizations from the DNB Household Survey for the Netherlands

in 2006-2018. We then use the first and second moments of the identified income

shocks in a structural life-cycle framework and show that the model matches the

observed consumption patterns well. Finally, using counterfactual model simula-

tions, we assess the importance of the nature of income shocks (permanent income

hypothesis), future income uncertainties (precautionary saving motive), and co-

hort effects, and show how they have individually shaped consumption dynamics

over that period in the Netherlands.
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1 Introduction

How household consumption reacts to transitory and permanent income shocks is a

long- standing question in macroeconomics, which is crucial both to understanding con-

sumption behaviour and in evaluating policy change. The identification of the level

of these income shocks, however, is challenging for many reasons. We normally ob-

serve total income changes, rather than transitory and permanent income changes sep-

arately. Moreover, there exists an information asymmetry between individuals and the

econometrician that could lead to misclassification problems of income changes. As a

consequence, the prevalent strategy to measure the transmission of income shocks to

consumption is that proposed in the seminal paper of Blundell, Pistaferri, and Preston

(2008). Their approach does not require direct identification of the income shocks but

imposes strong covariance restrictions between the income and consumption processes

in order to measure the variances of transitory and permanent income shocks, and ulti-

mately, the transmission of income to consumption.

In this paper, we use a completely different strategy to study how income shocks

affect households’ consumption dynamics by looking directly at the level of the income

shocks. In doing so, we rely on the approach of Pistaferri (2001) and a rich micro-

dataset for the Netherlands to identify permanent and transitory income shocks at the

household level.1 This allows us to build a unique panel dataset of these shocks for

the period between 2006 and 2018. We then use the first and second moments of the

identified income shocks in a standard, structural life-cycle framework to evaluate the

importance of the nature of income shocks, future income uncertainties, and the cohort

effects in shaping consumption dynamics in the Netherlands over this period.

In the first part of the paper, we consider the most widely used income process

that assumes both permanent and transitory income shocks. Within this framework,

we show that income shocks can be identified as different combinations of subjective in-

come expectations and their realizations, following Pistaferri (2001). More specifically,

permanent shocks are the revisions in income expectations, while transitory shocks are

differences between income realizations and the expectation of future income, once the

predictable life-cycle components are removed. Using this theoretical result, we exploit

the joint availability of subjective income expectations and realizations in a micro panel

dataset, the Dutch National Bank Household Survey (DHS), to compute the level of

permanent and transitory income shocks. To the best of our knowledge, ours is the first

attempt to use subjective income expectations for an extended period to decompose

1Earlier empirical studies show that income changes are best described by combinations of permanent
and transitory income shocks. See for example MaCurdy (1982) and Blundell and Preston (1998).
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income shocks into transitory and permanent components.2 The direct observation of

income shocks has two important advantages. First, we can differentiate shocks by sign

and size and, therefore, look at the asymmetries in consumption response along these

dimensions. While most papers in the literature focus on the consumption response to

an income increase,3 we shed light on the impact of both positive and negative income

shocks. Second, in contrast to previous literature (such as Blundell, Pistaferri, and Pre-

ston, 2008), our method does not require shocks to be uncorrelated across households

and, therefore, allows us to accommodate aggregate income shocks. Disregarding ag-

gregate shocks to income is problematic over economic recessions. For this reason, our

methodology is well suited to analyse consumption behaviour over an extended time

span, when household income is likely to be affected by aggregate factors.

The period we analyse covers both expansionary and recessive phases of the business

cycle. We observe two recessions - the 2008-2009 Global Financial Crisis and the 2011-

2013 Sovereign Debt Crisis - which are characterised by a drop in output and in aggregate

consumption. Using the described identification strategy, we find that Dutch households

face both significant shocks to their income and to their income uncertainties. These

shocks are most significant during the two crisis periods. Negative income shocks are

small and transitory during the Global Financial Crisis, albeit the increase in income

uncertainties is substantial. The precautionary saving motive plays a key role in driving

the fall in consumption in 2008-2009: facing higher income uncertainties, households

wish to save more and consume less. During the Sovereign Debt Crisis, negative income

shocks are permanent and large, however the increase in income uncertainties is also

sizeable. We show that the consumption drop during 2011-2013 is triggered both by the

level of income shocks and the precautionary saving motive. When we consider different

cohorts, we find that the 2008-2009 crisis hits all cohorts in a similar manner, while the

2011-2013 crisis affects the income of the younger cohorts more.

After analysing the dynamics of the income shocks, in the second part of the paper we

take full advantage of a structural life-cycle model in order to validate our identification

strategy of transitory and permanent income shocks. We use the first and second mo-

ments of the identified income shocks in the model to simulate the consumption-savings

behaviour of 10 different cohorts of households. We show the model-implied consump-

tion dynamics between 2006 and 2018, both at the aggregate and the cohort levels, and

compare these consumption profiles to their empirical counterparts.

Our relatively simple life-cycle model with identified income shocks, precautionary

saving motive and many different cohorts is able to match the observed consumption

2However, the idea of using income expectations and their realizations together to circumvent the
income shocks misspecification problem dates back to Hayashi (1985).

3Notable exceptions are Baugh et al. (2021) and Christellis et al. (2019).
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dynamics well in the Netherlands between 2006 and 2018. In line with the aggregate

data, our model generates two significant contractions in consumption over the sample

period: one for 2008-2009 and another for 2011-2013, reflecting the Global Financial

Crisis and the Sovereign Debt Crisis, respectively. We also show the simulated trajec-

tories of consumption for different cohorts between 2006 and 2018 and compare them

to consumption data from the DHS to show that they are broadly consistent with each

other and are in line with the dynamics of cohort-level shocks.

To more fully understand the mechanism of income transmission to consumption, we

compare different counterfactual scenarios. Income transmission to consumption within

our theoretical framework is affected by the nature of income shocks (permanent income

hypothesis effect), future income uncertainties (the precautionary saving effect) and the

age of the households (cohort effect). Using the model, we can isolate the effect of

these different channels from each other, and from other potential factors (e.g., real

interest rates, wealth shocks) that might simultaneously affect consumption dynamics.

We evaluate the relevance of each channel by comparing consumption profiles induced by

different model variants to those observed in the data. These counterfactual simulations

show that all three highlighted channels play a key role in determining consumption

patterns in the period of our analysis. Turning off any of these channels would result in

a simulated consumption profile that does not fit the consumption patterns observed in

the data.

Our paper contributes to a large literature on measuring the transmission of different

income shocks to consumption. Important examples include Pistaferri (2001), Blundell,

Pistaferri, and Preston (2008), Kaufmann and Pistaferri (2009), Carroll (2009), Kaplan

and Violante (2010), Guvenen and Smith (2014), or Baugh et al. (2021). It is also

closely related to empirical studies that examine how idiosyncratic income shocks are

affected by business cycle movements; see, for example, Storesletten, Telmer, and Yaron

(2004), Guvenen, Ozkan, and Song (2014). The closest papers to ours are Pistaferri

(2001) and Attanasio, Kovacs, and Molnar (2020). They both identify income shocks

using data on subjective income expectations. Pistaferri (2001) uses the Italian Survey

on Household Income and Wealth (SHIW), which collects information on subjective

income expectations and realizations in two specific waves (1989 and 1991). Because of

data restrictions, this paper can only provide a snapshot of transitory and permanent

shocks under strong assumptions about individuals’ information set. The paper by

Attanasio, Kovacs, and Molnar (2020) combines two data sources to construct a synthetic

panel: one for income realization from the Consumer Expenditure Survey and one for

subjective expectations from the Michigan Survey. Given the synthetic panel structure

of their data, they can only identify cohort-level income shocks. Our analysis differs from
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theirs in that the joint availability of subjective income expectations and realizations in

the DNB Household Survey allows us to construct a household-level panel dataset of

permanent and transitory shocks.

The rest of the paper is organized as follows. In Section 2, we introduce the DNB

Households Survey, which uniquely collects information on both expected and realized

income. Following the approach proposed by Pistaferri (2001), in Section 3, we identify

transitory and permanent income shocks and analyse their behaviour over 2006-2018.

We then take the first and second moments of the identified shocks and use them in

a life-cycle framework in Section 4 and show that the model can successfully match

the observed consumption patterns. Section 5 presents different model counterfactuals

to gauge the importance of the permanent vs transitory nature of income shocks, in-

come uncertainties and cohorts, and show how they have individually shaped aggregate

consumption dynamics. Finally, Section 6 concludes our paper.

2 Income and Consumption in the DNB Household

Survey

In our analysis, we use data from the Dutch National Bank Household Survey (DHS)

administered by CentERdata (Tilburg University, The Netherlands), which is a longitu-

dinal survey representative of the Dutch-speaking population, which is collected annually

on behalf of the Dutch National Bank via an online survey. The survey is designed for

gathering information about the psychological and the economic determinants of house-

holds’ financial behaviour. The dataset includes responses to six questionnaires seeking

information on the general household, work, health and income, accommodation and

mortgages, assets and liabilities, and psychological data.

The unique feature of the dataset is the joint availability of expected and realized

income at the household-level, which is crucial to separately identify transitory and

permanent income shocks. To the best of our knowledge, this is the only panel dataset

which collects subjective income expectations together with their realizations covering a

period of more than 10 years, including upturns and downturns in the economic business

cycle.

2.1 Sample Selection.

Our initial sample consists of 18,856 household heads and partners aged 21-65, inter-

viewed in the period 2006-2018 and who are asked questions in the income module in

the DHS questionnaire. As we later explain in detail, we use the panel-dimension of the
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survey in order to identify income shocks; therefore, we restrict our sample to individ-

uals who are observed at least twice, which gives us 17,520 observations. Further, we

also make sure that individuals we observe understand expected-income-related ques-

tions. For this purpose, we use a simple rule and exclude individuals whose maximum

expected future income is below their minimum expected income or/and whose subjec-

tive probabilities attached to future events are inconsistent. We end up with 13,412

observations. Finally, to deal with outliers, we simultaneously trim the top and bottom

5% of observed and expected income and are left with a sample of 10,670 individuals.4

More details on the sample selection and descriptive statistics can be found in Appendix

B.1.

In what follows, we describe the main variables we use in our analysis: households’ in-

come realizations, their subjective income expectations, and consumption. Variables are

expressed in 2010 euros by using annual consumer price indices from Statistics Nether-

lands.

2.2 Income Measures

Income Realizations.

The measure of household income that we use in the empirical analysis is gathered

through the following question:

“What is the total net income for your household in [year]? The total net

income for your household is the net income of all household members com-

bined. Net income means the income after deduction of taxes and social

security benefits.”

This question is particularly well-suited to our purpose, since it refers to the same

income measure that is used to elicit income expectations, namely total net household

income. Even though the questions on income refer to household income, we use the

answers related to both the household head and the spouse. We exploit other information

collected by DHS and find that the majority of net income comes from labour earnings.

On average, financial revenues represent about 18% of net income for all the respondents,

and about 31% if we consider owners of financial assets only.5 To assess the contribution

of labour earnings to total household resources, we also examine the correlation between

self- assessed total net income - our measure of interest - and gross labour income.6 The

4The main patterns illustrated in the paper are confirmed after a 1% trimming.
5Less than 2% of households declare income from housing wealth.
6Gross labour income is obtained as the sum of earnings of all household’s members. Net labor

income is not available.
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two variables turn out to be strongly correlated, with a regression line close to the 45-

degree line.7 This result further supports the key role of labour income, which represents

the main determinant of total household income.

Subjective Income Expectations.

Subjective income expectations are collected through two sets of questions. Respondents

start reporting the lower and upper bounds for expected income, respectively:

“We would like to know a little bit more about what you expect will happen

to the net income of your household in the next 12 months. What do you

expect to be the lowest (highest) total net yearly income your household may

realize in the next 12 months?”

The interval between the lower (l) and upper (h) bounds is divided into equal intervals:

l + (h− l)x, with x =
2

10
,

4

10
,

6

10
,

8

10
.

Respondents declare, then, the probability that future income will be lower than the

threshold l + (h− l)x. More precisely, for each threshold, they are asked:8

“What do you think is the probability (in percent) that the net yearly income

of your household will be less than euro [threshold] in the next 12 months?”

We exploit this information to compute the expected value of net household income.

More precisely, the expected value of household income is calculated multiplying the

central value of each interval by the self-reported probability that future income will be

in that interval. Income values below the lower bound and above the upper bound are

given zero probability.

Dynamics of expected and observed income.

Figure 1 plots the average income expectations (the dashed line), together with actual

income data (the solid line). The year on the horizontal axis is the year of interview;

that is, when the information was elicited. Shaded areas in the figures indicate the two

crisis periods that took place in the period of the analysis: the Global Financial Crisis

(2008-2009) and the Sovereign Debt Crisis (2011-2013).

7The plot of the joint distribution of logarithm of net total income and the logarithm of gross labour
earnings, along with the regression line, is shown in Figure B.2 in the Appendix B.3. The estimated
regression is ln y = 0.922 + 1.065 lnx, where the coefficient for lnx is significant at the 1% level.

8Heterogeneity in the way income expectations are elicited over time is discussed in Appendix B.1.
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There are two episodes of sudden drop both in expected and in observed income. The

first contraction occurs around the time of the Global Financial Crisis (2008-2009), when

these two variables fall by similar magnitudes. The second drop is during the Sovereign

Debt Crisis, when subjective income expectations fell much more than observed income.

Moreover, expectations about future income remain below income realization until 2017.

In 2018 we observe an increase in income expectations, not followed by a rise in their

realization. The increased pessimism that we detect in the DHS dataset is also observed

in the Consumer Confidence Indicator for the Netherlands, which is plotted in Figure

A.2. In a similar manner to the DHS data, the Consumer Confidence Indicator exhibits

a first decline starting from the second half of 2008, followed by a second more sizeable

and prolonged drop, lasting from the end of 2011 until the beginning of 2014.

Figure 1: Observed and expected income
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using sample weights. Real values (euros 2010) are calculated using annual consumer price indices
from Statistics Netherlands (CBS). Observed income refers to calendar year, while expected income
refers to one year ahead. Shaded area indicates crisis periods.

The Sovereign Debt Crisis follows the Global Financial Crisis with only a brief upturn

occurring between them. The revisions in expectations that occurred in 2011-2013 may,

thus, be related to the unique timing of these two episodes. Previous literature shows

that large macroeconomic shocks affect individuals’ beliefs and preferences, such as risk

attitudes and expectations (Malmendier and Nagel, 2011). Notably, Malmendier and

Nagel (2011) show that individuals exposed to periods of low stock returns are more

pessimistic about future returns and, more generally, that experienced macroeconomic

shocks are important in affecting households’ present behaviour. This argument might
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be relevant in our case, as well for understanding the behaviour of income expectations

over the two crises. Having experienced unpredicted, large, aggregate income shocks over

the 2008- 2009 Global Financial Crisis, households display more caution in terms of their

income expectations. As a result, facing large aggregate shocks again in 2011, households

used their past experiences and adjusted their expectations downwards, accordingly.

In addition, the worsening of labour market conditions is more dramatic during the

Sovereign Debt Crisis. The unemployment rate rises by less than one percentage point

(from 3.7% to 4.4%) between 2008 and 2009, while it steadily increases during the

Sovereign Debt Crisis and touches historically high levels in the Netherlands in 2013

(7.3%). This trend reflects in perceived job loss probabilities, which remain steadily

high during the years 2011-2013 (see Figure A.3), suggesting a relevant impact of labour

market conditions on the downward revision in income expectations. Finally, differences

in primary drivers of the two crises may affect the perception of their impact on future

households’ income. The Global Financial Crisis is prominently an “imported crisis”,

with a prolonged fall in international trade dragging the Dutch economic activity down,

as shown by the dramatic fall in exports. The Sovereign Debt Crisis is, instead, a “Euro-

zone crisis”, related to the collapse of financial institutions, high government debt, and

rapidly rising bond yield spreads in government securities.9

Reliability of Income Measures.

The identification of income shocks and interpretation of our results hinges on the re-

liability of expected income measure. For this reason, we provide evidence to support

the information value and the accuracy of subjective expectations elicited by the DHS

survey. Hereafter, we document their well-behaved distribution, the internal coherency

between different questions about the future, and the predictive power of subjective

income expectations, as suggested by Manski (2004).

First, we show that the distribution of subjective income expectations has a regular

shape and shadows that of income realizations.10 This evidence is reassuring in terms

of the limited diffusion of random or inaccurate responses, which points to the reliabil-

ity of expected income variables. Second, we illustrate the internal coherency between

subjective expectations regarding income and job status. Working and not-working re-

spondents are asked, respectively, about the probability of losing or finding a job in the

next 12 months. We test the conditional correlation between expected job status and

9Similar evidence has been shown for other European countries which were also affected by two
severe recessions (e.g., Caivano, Rodano, and Siviero (2011) and Busetti and Cova (2013) for Italy).

10The density function of income expectations and realizations for the pooled cross-section dataset
is plotted in Figure B.3 in the Appendix B.3. The distribution of expectations is more left-skewed and
presents a mass for very low annual income (close to 0), consistent with pessimistic expectations over
the period.
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income by regressing the latter on the probability of job loss (or job finding), controlling

for an unemployment indicator and a set of covariates. Estimation results, which are

reported in Table B.5 in the Appendix B.3, show a correlation heading in the expected

direction. Working respondents who report higher probability of losing their job are

also significantly more pessimistic about future income. On the contrary, the effect of

self-reported probability of finding a job on expected income is positive, although not

statistically significant (possibly also because of the small number of unemployed re-

spondents in the sample). Overall, these results support the internal coherence among

questions eliciting subjective expectations, corroborating the informative power of ex-

pected income.

If declared income predictions are accurate and households form their income expec-

tations rationally (i.e., using their full information set), we must detect a strong ex-post

correlation between subjective income expectations and their realization. We exploit

the longitudinal component of the dataset, and we examine the link between income re-

alization and subjective expectations elicited one period ahead. We start with a simple

scatter plot, shown in Figure 2, that shows observations of (logarithm of) actual income

(y-axis) as a function of (logarithm of) expected income (x-axis), together with the

45-degree line and a regression line that is predicted by a linear regression of observed

income on expected income.

Figure 2: Expected and Realized Income
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The majority of the observations are clustered around the 45-degree line and the

linear regression line is close to the 45-degree line, indicating high correlation between

expectations and future realizations. To examine the reason why we observe a slight de-

viation from the 45-degree line, we compute forecast errors and analyse their behaviour.

We define the forecast error (µit−1) of household i as the difference between the house-

hold’s expected (log) income at t−1 and its realization at time t: µit−1 = E[yit|Ωt−1]−yit.
We find that the average forecast error is mostly negative, as can also be seen in Figure

1. This finding is in line with the results presented by Rozsypal and Schlafmann (2017),

who use the Michigan Survey to document households’ systematic pessimism (see also

Appendix B.2 for more details). However, following Kaufmann and Pistaferri (2009), we

can also interpret these negative forecast errors as the result of persistent measurement

errors in subjective reports of future income. Among income groups, low-income house-

holds underestimate their income growth, high-income households are too optimistic and

overestimate their income growth, in line with Rozsypal and Schlafmann (2017).

2.3 Consumption Measure.

Since household consumption expenditure is not directly collected by the DHS survey,

we need to compute it in an indirect way as the difference between net household income

and household saving. Respondents are asked whether they put any money aside in the

previous 12 months. In the case of a positive answer, they indicate “about how much

money” the household saved in the same period by selecting the appropriate range

out of seven possible value bands.11 For each band, we compute the central value of

the interval and subtract it from the household net income. Note that, consequently,

the measurement error in our consumption variable has two sources: first, income and

saving variables might be reported with an error; and second, saving is only collected in

brackets. For this reason, we interpret all results based on this measure of consumption

with caution and compare them with measures from the national accounts to assess their

reliability.12

Figure 3 illustrates the average consumption patterns both at the aggregate and the

cohort levels. To ease the comparison of different consumption measures, we normalize

them using 2008 as the reference year (= 100). The left panel of Figure 3 shows aggregate

11Value bands are the following: less than 1,500 euros; 1,500-5,000 euros; 5,000-12,500 euros; 12,500-
20,000 euros; 20,000-37,500 euros; 37,500-75,000 euros; more than 75,000 euros.

12We also constructed a saving and a corresponding consumption measure by using changes in house-
hold wealth. This consumption measure, however, prove to be more noisy and deviate more from the
observed consumption (from National Accounts) than the consumption measure relying on direct saving
information.
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consumption dynamics in DHS recovered as described above (the solid line), together

with aggregate consumption data from Eurostat, as measured in the national accounts

(the dashed line). Consumption in DHS displays an overall increasing trend during the

period 2006-2018, which is interrupted by two contractions, which coincide with the two

recessions in 2008-2009 and 2011-2013. Consumption recovers to its pre-crisis level in

2010, one year after the Global Financial Crisis, while its fall is more prolonged during

the Sovereign Debt Crisis. This pattern mirrors the aggregate measure of consumption

retrieved from national accounts relatively well. The only major difference is that in DHS

data consumption increases between 2009 and 2011, while it is stable in the aggregate

data.

The right panel of Figure 3 plots the consumption dynamics of three different cohorts

of individuals, who were born in the following years: 1945-1949 (the solid line), 1955-

1959 (the dashed line), and 1965-1969 (the dotted line).13 Consumption patterns of the

three cohorts diverge during the Global Financial Crisis, when consumption falls for

the 1945-49 cohort only. Consumption of the oldest cohort recovers to pre-crisis level in

2011, while it shows an increasing trend for the middle and young cohorts. Consumption

substantially falls for all the cohorts during the Sovereign Debt Crisis. It starts increasing

after 2013 for the youngest, while it slightly declines for the 1955-1959 cohort.

Figure 3: Consumption: aggregate and by cohorts (indices: 2008=100)
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3 Identification of Income Shocks

In this section, we first describe the strategy we use to separately identify permanent

and transitory income shocks. We then present and analyse both the first and higher

moments of the identified income shocks between 2006 and 2018. Finally, we show how

the dynamics of transitory and permanent income shocks vary by cohorts.

3.1 The Methodology

In order to identify the permanent and transitory components of income shock, we

follow the approach proposed by Pistaferri (2001) and exploited by Attanasio, Kovacs,

and Molnar (2020). This method hinges on the relationship between subjective income

expectations and the corresponding income realizations. We start with the following,

standard decomposition of the (logarithm of) income, as in Blundell, Pistaferri, and

Preston (2008):

yit = Π
′
Zit + α

′
Vi + pit + εit

Π
′
Zit = π0 + π1ageit + π2age

2
it

(1)

where yit is the log of household income i at time t; Π
′
Zit is a deterministic time-varying

component (second order polynomial of age), and α
′
Vi is a deterministic time invariant

component, which includes gender, education and household fixed effects. pit and εit

are, respectively, the permanent and transitory components of income of household i at

time t. The permanent income component follows a Markov process:

pit = pit−1 + ζit (2)

where ζit is the permanent income shock. Permanent and transitory shocks are assumed

to be orthogonal (at all leads and lags), unanticipated and serially uncorrelated and with

zero means. Note, that we allow shocks to be correlated across households in order to

accommodate aggregate shocks. Consequently, we interpret each shock as a combination

of idiosyncratic, cohort-specific, and aggregate shocks.

Combining equations (1) and (2) we obtain the following equation for income growth:

∆yit = Π
′
∆Zit + ζit + ∆εit. (3)

If we disregard the predictable income component (Π
′
∆Zit), income changes in response

to either permanent income shocks (ζit) or changes in transitory income shocks (∆εit).

Under the assumption of rational expectations, we can express the two income shocks
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as a function of income expectations and realizations, which is described in detail in

Appendix C.1. As a result, transitory and permanent income shocks can be rewritten,

respectively, as:

εit = −E[∆yit+1|Ωt] + (γ0 + γ1ageit+1) =

yit − E[yit+1|Ωt] + (γ0 + γ1ageit+1)
(4)

and

ζit = E[yit+1|Ωt]− E[yit|Ωt−1]− (γ0 + γ1ageit+1) (5)

where E is the expectation operator that takes expectations of variables conditional on

the information set available to households. Ωt is the set of information available to

household i at time t. Coefficients γ0 and γ1 are functions of the parameters π1 and π2,

the coefficients on the second-order polynomial of age in equation (1).14

In this way, we can offer a straightforward interpretation of the transitory and per-

manent income shocks based on subjective income expectations and realizations. Apart

from a predictable age affect, a transitory income shock, εit, is identified by the gap be-

tween income realization and future subjective income expectation; while a permanent

shock, ζit, is identified as the change in the subjective expectations of income. Therefore,

this method allows us to identify transitory and permanent income shocks separately

using data only on observed and expected income, as long as shocks are serially uncor-

related.

Identifying Assumption.

As discussed earlier, one of the main advantages of our identification strategy is that it

does not require the income shocks to be i.i.d. Relaxing the i.i.d. assumption is of crucial

importance for interpreting our results as it allows us to consider aggregate income shocks

alongside the household and/or cohort-specific shocks, and represents a key contribution

to the literature, which typically require stronger restrictions on the structure of shocks

(e.g. Blundell, Pistaferri, and Preston, 2008; Kaplan and Violante, 2010). Instead of the

i.i.d. assumption, the method we use needs permanent and transitory income shocks to

be serially uncorrelated at the household level.

To test this assumption, we consider an autocorrelation test with the Q-statistics

suggested by Ljung and Box (1978). Instead of testing autocorrelation at different lags

separately, the Ljung-Box statistics tests whether any group of autocorrelations are

14Assuming that individuals only face unanticipated income shocks is crucial for our identification
strategy. When we allow for both anticipated and unanticipated income shocks, it is not possible to
identify the level of income shocks, but it is possible to compute the variances of the shocks (as shown
by Kaufmann and Pistaferri, 2009).
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different from zero over a time series. The null hypothesis in our case states that there

is no autocorrelation in the transitory (permanent) income shocks. To perform this test,

we naturally need to restrict our sample to households that are observed at least in

two consecutive time periods, which reduces the number of observations and creates a

different sample from that used in our analysis. However, results from a smaller sample

are still indicative of how shocks behave at the household level.

For the transitory shock, the p-value is greater than 0.16 for 90% of cases, while for

the permanent shock the p-value is greater than 0.11 for 90% of cases. Therefore, in

more than 90% of the tests performed we cannot reject the null hypothesis of no auto-

correlation at the 10% level of significance. Consequently, we argue that the behaviour

of our calculated income shocks is not inconsistent with our assumption that they are

serially uncorrelated at the household level.

Predictable Income Component.

In order to use equations (4)-(5) to calculate the income shocks, we need to determine

the coefficients of the deterministic income component, γ0 and γ1. Having data both on

income realizations and subjective income expectations makes it easy to calculate one-

year-ahead income growth expectations. Then simply by regressing reported expected

income growth on a constant and on age, we can obtain estimates for γ0 and γ1. The

estimated coefficients are γ̂0 = .0082 and γ̂1 = −.0016. The combinations of income

realizations, subjective income expectations, and predictable income components over

the life-cycle identify 5,490 transitory and permanent shocks, as expressed in equations

(4) and (5).

3.2 Identified Income Shocks

After discussing the method to identify income shocks separately, we next present our

results both for permanent and transitory income shocks. We analyse first moment and

distribution of the identified income shocks over time and their heterogeneity across

cohorts.

First Moments of Income Shocks.

In Figure 4, we illustrate the dynamics of average permanent (the solid line) and tran-

sitory (the dashed line) income shocks between 2006 and 2018. In addition, we also

present the changes in average transitory income shocks (the dotted line) that, besides

the permanent income shocks, drive income changes, as shown in equation (3).
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Figure 4: Permanent and transitory shocks
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Notes: Our calculations from DHS data for the period 2006-2018. Weighted average computed
using sample weights. Real values (euros 2010) are calculated using annual consumer price indices
from Statistics Netherlands (CBS). Permanent and transitory shocks are calculated following the
method described in Section 3. Shaded area indicates crisis periods.

Transitory shocks over the period of observation are almost always positive, except for

2009-2011 and 2018. As seen in equation (4), transitory income shocks are positive when

subjective income expectations for the future (E[yt+1|Ωt]) are below their observed value

in the present (yt). We can interpret the systematic (yet small) discrepancy between

future income expectations and today’s income realizations as a measure of general

pessimism. Looking at changes in transitory income shocks, which are relevant for

income changes, we only document positive changes for the years between 2010 and 2013

and for 2016. Permanent income shocks over the same period show higher volatility than

transitory income shocks. Between 2006-2011 and after 2015 permanent income shocks

are positive, while between 2011 and 2015 they are significantly negative. As seen in

equation (5), positive (negative) permanent income shocks imply upward (downward)

revisions in subjective income expectations.

Focusing now on the two crisis periods over the sample, there are visible differences

between income shocks during the Global Financial Crisis and the Sovereign Debt Crisis.

In 2009, the average permanent income shock is zero, while the average transitory income

shock is only slightly negative but decreasing. Consequently, the observed income drop

in Figure 1 in 2009 is triggered by a negative change in the transitory income shock.

By contrast, in 2012 and 2013 the average permanent income shocks are large and

negative, while the average transitory income shocks are positive throughout. As a
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result, the observed income drop in Figure 1 in 2012 is driven by negative permanent

income shocks.

It is also worth noting here that transitory shocks and permanent income shocks

are negatively correlated via the expected future income, as seen in equations (4) and

(5). Ceteris paribus, a decrease in expectation on future income reflects in a negative

permanent shock and a positive transitory shock. The opposite movement of the two

shocks during the Sovereign Debt Crisis is a clear example of a decrease in future income

expectation.

Higher Moments of Income Shocks.

In Figure 5, we look at higher moments of transitory and permanent income shocks by

presenting the kernel densities for each of them. On the left-hand side, we plot densities

for permanent income shocks, while on the right-hand side we plot that for transitory

income shocks. In general, the kernel densities are well-behaved: the centre of the income

shocks distributions are at zero with variances that are larger for the permanent income

shocks than for transitory income shocks.

Figure 5: Kernel densities of permanent and transitory income shocks
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Notes: Our calculations from DHS data for the period 2006-2018. Real values (euros 2010) are
calculated using annual consumer price indices from Statistics Netherlands (CBS). Permanent and
transitory shocks are calculated following the method described in Section 3.

A relevant aspect of idiosyncratic income shock heterogeneities is whether and to

what extent these heterogeneities are affected by the business cycle. Storesletten, Telmer,

and Yaron (2004), for example, show that idiosyncratic permanent shock variances are

countercyclical, which result in higher income uncertainty during recessions: households

can receive both larger positive and larger negative permanent income shocks. In con-

trast, Guvenen, Ozkan, and Song (2014) document greater uncertainty in recessions

without an increasing chance of upward movements in income. They show that during
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recessions, large upward income movements become less likely, without a change in the

centre of the income shock distribution. This results in a countercyclical left-skewness.

To examine the business cycle effects on shocks’ distribution in our sample, we sep-

arate our identified income shocks according to when they are observed, and plot their

kernel densities in Figure 5, separately. We differentiate between three particular peri-

ods: no- recession periods, which we call our benchmark (the solid grey line), the Global

Financial Crisis period between 2008-2009 (the solid black line), and the Sovereign Debt

Crisis period between 2001-2013 (the dashed line).

The centre of the income shock distributions does not move much during recessions,

compared to the no-recession period, while the tails of the shock distributions move

quite asymmetrically. Considering first the distributions of permanent income shocks,

we observe no clear pattern in the shift of shock distribution during the Global Financial

Crisis: exceptionally large negative income shocks become less likely, while small negative

shocks and positive income shocks become more likely. The shift in distribution is

more clearly seen during the Sovereign Debt crisis, when permanent income shocks are

substantial: large negative income shocks become more likely, whereas the probability of

experiencing large positive income shocks decreases. These findings reinforce the results

of Guvenen, Ozkan, and Song (2014), who state that idiosyncratic permanent shocks

are not countercyclical, instead their left-skewness is countercyclical.

Considering next the distributions of transitory income shocks, we observe a sig-

nificant shift in distribution during the Global Financial Crisis: small negative income

shocks become more likely, while the probability of experiencing large positive income

shocks decreases. The transitory income distribution does not change significantly dur-

ing the Sovereign Debt Crisis.

Heterogeneities by Cohort.

Average income shocks potentially mask heterogeneities across households, which might

shed light on the channels driving the dynamics of aggregate variables. For this reason,

in Figure 6 we illustrate the time trend of income shocks for cohorts described earlier in

Figure 3: for households born between 1945-1949 (the solid line), 1955-1959 (the dashed

line), and 1965-1969 (the dotted line).15

15Tables D.2 and D.3 report the evolution of permanent and transitory shocks for all cohorts.
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Figure 6: Permanent and transitory shocks by cohort
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Notes: Our calculations from DHS data for the period 2006-2018. Weighted average computed

using sample weights. Real values (euros 2010) are calculated using annual consumer price indices

from Statistics Netherlands (CBS). Permanent and transitory shocks are calculated following the

method described in Section 3. Shaded area indicates crisis periods.

The left panel in Figure 6 highlights two important facts. First, only the 1965-69

cohort face slightly negative permanent income shocks (a downward revision of income

expectations) over the 2008-2009 Global Financial Crisis. Second, all of the cohort face

large and negative permanent income shocks over the 2011-2013 Sovereign Debt Crisis,

however the youngest cohort suffers the most negative shocks. After 2013, the 1955-59

cohort experiences relatively small permanent shocks, which fluctuate around zero, while

the youngest cohort continuously faces positive permanent income shocks.

The right panel in Figure 6 plots the dynamics of transitory income shocks for the

same cohorts. We observe a decline in transitory shocks for all the cohorts in the initial

period, until the 2008-2009 crisis, while only the 1945-49 cohort is hit by a negative

transitory shock during the Global Financial Crisis. All the cohorts face positive tran-

sitory shocks in 2011-2017, including the Sovereign Debt Crisis, and experience a large

negative shock in 2018.

4 A Life-Cycle Model of Consumption

In this section, we use a structural model to map income shocks identified in Section 3

into consumption dynamics. We consider a standard incomplete market life-cycle model,

which has become the workhorse framework for quantitative analysis in macroeconomics

over the last decades (see for instance Deaton, 1991; Carroll, 1997; Blundell, Pistaferri,

and Preston, 2008; Kaplan and Violante, 2010).16 In this framework, households do not

16Our model is similar to that used by Kaplan and Violante (2010), who evaluate the precision of
the insurance coefficient derived and estimated by Blundell, Pistaferri, and Preston (2008). They find
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only save for expected future income drops (say for retirement) but also for precautionary

reasons motivated by uncertain future income and liquidity constraints. We use the

model to simulate household consumption using the income shocks identified in Section

3. We then compare aggregate consumption dynamics from the model to that traced in

the Dutch data.

4.1 The Model

We build a standard incomplete market model of life-cycle consumption and savings,

where households face permanent and transitory income uncertainty. We assume that

households live for T periods as adults: they work for W periods and retire afterwards.

footnoteIn our model, we make a number of stark assumptions to focus on the main

points we want to make. Most of these assumptions (such as deterministic length of

life, the absence of bequests or the absence of different assets), can be easily relaxed

and would not affect the nature of the exercise we present below. Households maximize

their present discounted lifetime utility, which only depends on their non-durable con-

sumption. To reallocate resources between periods, households have access to one-period

bond, which yields a gross interest rate of RX . There is no credit market in the model,

hence households are liquidity constrained at the beginning of their life and accumulate

wealth for life-cycle and precautionary purposes. The only uncertainty households face

in the model comes from different income shocks of a transitory and permanent nature.

We consider different cohorts of households who differ in terms of their expectations and

realization of the income shocks and income uncertainties they face.

The Value Function

Households have time-separable expected utility given by:

E0

T∑
t=1

βt−1U(Ci,c,t) (6)

hence, we can formulate households value function in a recursive form as follows:

Vi,c,,t(Xi,c,t, Pi,c,t) = max
{Ci,c,t}

U(Ci,c,t) + βEi,c,tVi,c,t+1(Xi,c,t+1, Pi,c,t+1), (7)

subject to:

Xi,c,t+1 = RX(Xi,c,t − Ci,c,t) + Yi,c,t+1 (8)

that the estimated insurance coefficients by Blundell, Pistaferri, and Preston (2008) are very similar to
those predicted by the structural model, however they are, in general, downward biased.
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where Vi,c,,t is the value function for household i belonging to cohort c at time t. Ci,c,t

is non-durable consumption, Yi,c,t is labour income, and Pi,c,t is the permanent part of

the labour income, to be defined later in this section. Xi,c,t is cash-on-hand, defined as

the sum of savings and labour income in period t.17 Finally, parameter β is the discount

factor.

Sources of Uncertainty.

In our framework, the only source of uncertainty households face is idiosyncratic labor

income. In line with the income process described by equations (1) and (2), we assume

that (log) labor income is exogenously described by a combination of deterministic and

random components at any time before retirement. The (log) labour income, yi,c,t, for

household i belonging to cohort c at time t is defined as:

yi,c,t = Gt + pi,c,t + εi,c,t (9)

with Gt being a deterministic function of age only; pi,c,t is the permanent income compo-

nent for household i belonging to cohort c at time t, while εi,c,t is the transitory income

shock for the same household. The permanent income component follows a martingale

process:

pi,c,t = pi,c,t−1 + ζi,c,t (10)

where ζi,c,t is the shock to permanent income. We assume that both the transitory and

permanent income shocks are normally distributed over individuals in a given cohort,

with cohort-specific distributional parameters.

Income at any time after retirement is a constant, a, a fraction of the last work-

ing year’s permanent labour income, such as a pension that is wholly provided by the

employer and/or the state.

Utility Function.

We assume CRRA (Constant Relative Risk Aversion) utilities:

17Cash-on-hand in period t the sum of the assets carried over from time t−1 to t (Ai,c,t−1) augmented
with the constant interest rate (RX) and labour income in period t (Yi,c,t):

Xi,c,t = RXAi,c,t−1 + Yi,c,t.
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U(Ci,c,t) =
C1−ρ
i,c,t

1− ρ
(11)

where the curvature parameter ρ ≥ 0 represents the risk aversion parameter that equals

the inverse of the elasticity of intertemporal substitution. CRRA utility functions are

able to capture the precautionary motive of households, the motive to “save for a rainy

day”, which might be of crucial importance in understanding the consumption behaviour

of households,18 and which we analyse in Section 5.

4.2 Solution and Simulation

In this section, we first show details of our calibration, and then discuss the steps of the

model’s solution and simulation. Our life-cycle problem cannot be solved analytically, so

we apply numerical techniques. Given the finite nature of the problem, a solution exists

and can be obtained by approximating optimal policy functions by backward induction.

Calibration.

Time Preference. Papers estimating time preference parameter β (see for instance Gour-

inchas and Parker, 2002) find that the estimates vary around the value of 0.95 (at annual

frequency). As a result, the most widely used value for calibrating β is 0.95; we use

β = 0.95 in our model.

Risk Aversion Parameter. The existing literature reports estimated values for the risk

aversion parameter, ρ, that vary roughly between 0 and 2 (see for instance Attanasio

and Weber, 1993; Blundell, Browning, and Meghir, 1994; Gruber, 2013; Kovacs, Low,

and Moran, 2021). We experiment with four different values of ρ = {0.3, 0.5, 1.0, 2.0} in

the model, and choose to match the aggregate consumption profile presented in Figure

3. As a result, we set parameter ρ to 0.5 in our baseline model.19

Income. The deterministic component of income (Gt in equation (9)) is approximated by

a second-order polynomial of age on observed (log) income from the DHS. The estimated

coefficients of this polynomial are listed in Table D.6 in Appendix D.5.

Cohorts. Taking full advantage of the cohort-level panel dataset of the income shocks

we constructed in Section 3.1, we assume that households in our structural model also

18See, for example, Zeldes (1989), Kimball (1990), Deaton (1991) or Carroll (1997), who have all
emphasized the importance of precautionary motives for savings.

19Note that we would have tried values lower than ρ = 0.3 or higher than ρ = 2.0 if we saw improve-
ment in the fit of the model as we decrease/increase the risk aversion parameter.
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belong to different cohorts. It is crucial to take into account the existence of different

cohorts at least for two reasons. First, households in different cohorts have experienced

different income shocks and different levels of uncertainty, hence their income and con-

sumption trajectories can differ significantly. Second, households in different cohorts are,

by definition, at different stages of their life-cycle and, as a result, their consumption re-

acts differently to similar income shocks. We consider 10 different cohorts of households

in our model. Households are grouped by their age in 2006, using five-year age intervals

between the ages of 20 and 65.

All the parameter values that we use to solve and simulate the model are listed in

Table D.6 in Appendix D.5.

Solution.

We use backward induction over the normalized value function of the households to

obtain the optimal policy functions.20 Expectations in the model refer to uncertain

incomes, while they are evaluated using the Gauss-Hermite approximation. Since the

innovations of income are log-normally distributed random variables in each period for

each cohort, we are able to use a two-dimensional Gauss-Hermite quadrature to approx-

imate the expectations. See more details in Appendix D.2.

In order to take into account that different groups of households might expect and

experience different income shocks, we solve each cohort’s problem separately. In doing

so, we consider income shock expectations and their variances to be different for different

cohorts. In particular, we assume that the expected income shock for a household in

a given cohort is the average of all the historically observed income shocks within that

particular cohort, and therefore can be calculated as:

µε,c =

∑
i

∑
t εi,c,t

Nc

, µζ,c =

∑
i

∑
t ζi,c,t

Nc

where µε,c (µζ,c) is the mean value of transitory (permanent) income shock for cohort c,

while Nc is the number of observations in a given cohort. The corresponding expected

income shock variances can be easily computed at the cohort level as:

σ2
ε,c =

∑
i

∑
t(εi,c,t − εc)2

Nc

, σ2
ζ,c =

∑
i

∑
t(ζi,c,t − ζc)2

Nc

where σ2
ε,c (σ2

ζ,c) is the variance of transitory (permanent) income shocks for cohort c.

To calculate these statistics, we rely on the identified transitory and permanent income

20Following Carroll (1992), variables are normalised by permanent income for ease of computation.
In Appendix D.1, we show the detailed derivation of the standardized model.
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shocks (εi,c,t, ζi,c,t) from Section 3.21

Simulation.

Once the decision rules/policy functions are obtained via our solution algorithm, we

simulate the behaviour of 50,000 households for 10 different cohorts (5,000 households

per cohort). When simulating the model, we consider income shocks to be normally

distributed, with cohort and time-specific distributional parameters. In particular, we

assume that the mean of the distribution is the average of the observed income shocks

in a particular cohort and year, and therefore can be calculated as:

µε,c,t =

∑
i εi,c,t
Nc,t

, µζ,c,t =

∑
i ζi,c,t
Nc,t

where µε,c,t (µζ,c,t) is the mean value of transitory (permanent) income shock for cohort

c at time t, while Nc,t is the number of observation in a given cohort c at time t. The

corresponding variance of the distribution can be computed as:

σ2
ε,c,t =

∑
i(εi,c,t − εc,t)2

Nc, t

, σ2
ζ,c,t =

∑
i(ζi,c,t − ζc,t)2

Nc, t

.

where σ2
ε,c,t (σ2

ζ,c,t) is the variance of transitory (permanent) income shock for cohort c at

time t. To calculate these statistics, we rely on the identified transitory and permanent

income shocks (εi,c,t, ζi,c,t) from Section 3.22

In each individual simulation, we draw realizations for the two income shocks (εi,c,t,

ζi,c,t) from normal distributions characterized by parameters (µε,c,t, σ
2
ε,c,t) and (µζ,c,t, σ

2
ζ,c,t),

respectively. We assume that each household starts its life with zero wealth, and only re-

ceives labour income; therefore, early in life households are liquidity constrained. When

aggregating variables, we use cohort weights, which are representative weights of the

Dutch population.23

5 Simulation Results

In this section, we present results from our structural model. First, we discuss the sim-

ulation results from our baseline model with the identified transitory and permanent

income shocks. We then show several counterfactual simulations to gauge the impor-

tance of the nature of income shocks, future income uncertainties, and cohort-effects, in

21Income shocks and variances by cohort are reported in Table D.1 in Appendix D.3.
22Income shocks and their variances by cohort and year are reported in Tables D.2-D.5.
23Cohort weights are reported in Table D.1 in Appendix D.3.
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individually shaping aggregate consumption dynamics.

For the ease of comparison to Figure 3, which shows the observed evolution of ag-

gregate variables, we normalize all the simulated consumption profiles using 2008 as the

base year (=100).

5.1 Baseline Simulations.

We first describe the performance of our calibrated baseline model with the first and

second moments of the identified transitory and permanent income shocks. Figure 7

shows the simulated aggregate life-cycle profile of consumption24 (the solid line), its em-

pirical counterpart from Eurostat data (the dashed line), and the consumption measure

calculated from DHS data (the dotted line). As discussed in detail in Section 2.3, the

latter needs to be interpreted with caution as it is subject to large measurement errors.

For this reason, we focus on consumption data from the Eurostat when comparing our

model to the data. Overall, the simulated model obtains a good fit with the empirical

data. Matching the observed aggregate consumption is not only successful over “normal

times”, but also over crisis periods. Our model generates two significant contractions

in consumption over the sample period: one for 2008-2009, and another for 2011-2013,

reflecting the Global Financial Crisis and the Sovereign Debt Crisis, respectively.

Consumption dynamics in our model can only be linked to three possible driving

mechanisms: the nature of the income shocks, future income uncertainties, and age.

Therefore, the model-implied consumption path shown in Figure 7 is a combination of

these three forces, which we analyse one by one in Section 5.2. Consumption dynamics in

reality, however, might be linked to other channels which are not analysed in this paper.

For instance, Slacalek (2009), Mian, Rao, and Sufi (2013) and Bottazzi, Wakefield, and

Trucchi (2020) show that shocks in financial and housing wealth affect consumption

decline during the Great Financial crisis. Nevertheless, the three channels we examine

play a key role in determining the aggregate consumption path between 2006 and 2018,

as shown in Figure 7.

The Global Financial Crisis and the Sovereign Debt Crisis.

As shown in Figure 7, our model generates two substantial falls in consumption over the

period of interest. Consumption in the first contraction period, between 2008 and 2009,

drops by 1.9%, which corresponds exactly to what is experienced in the Netherlands

24The simulated model is based on calibrated parameters that are reported in Table D.6 and risk
aversion parameter of ρ = 0.5. For different values of ρ, results can be found in Figure E.1 in Appendix
E.1.
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Figure 7: Consumption dynamics: the model, aggregate and DHS data (indices:
2008=100)
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Notes: The model is simulated under baseline parameter settings listed in Table D.6 and risk
aversion parameter of ρ = 0.5. We calculate aggregate consumption in the baseline model by sim-
ulating cohort-level consumption profiles and we aggregate them using appropriate cohort weights
(representative of the Dutch population). We then create a consumption index by using 2008 as
the base year (2008=100). Aggregate consumption (from Eurostat) is real Household and NPISH
(non-profit institutions serving household) final consumption expenditure. Data from the DHS is
obtained as illustrated in Section 2.3. Shaded area indicates crisis periods.

during the Global Financial Crisis.25 Consumption in the second contraction period,

between 2011 and 2013 decreases by 2.5% in the model, similar to the actual 2.1% drop

observed that during the Sovereign Debt crisis (Figure A.1 in Appendix A). To better

understand the driving forces behind these contraction periods in our model, it is worth

revisiting the income shocks that households face over the two episodes.

Starting with the Global Financial Crisis in 2008-2009, Figure 4 highlights that, on

average, neither the level of permanent nor transitory income shocks are significantly

negative in 2009. As a result, the 2009 consumption drop depicted in Figure 7 cannot

be driven by the level of the income shocks. However, the distribution of income shocks

in Figure 5 show a significant increase in the uncertainty of the transitory income shocks

over the Global Financial Crisis. Compared to ‘normal’ times, in 2008-2009 large up-

ward movements in income, triggered by transitory income shocks, become less likely,

while large downward movements become more likely. This change in income uncer-

tainty induces a stronger precautionary saving motive in our model: households, facing

25See Appendix A for more details.
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an increased probability of a negative income shock, wish to save more and therefore

consume less.

Turning to the Sovereign Debt Crisis in 2011-2013, Figure 4 shows that permanent

income shocks are significantly negative both in 2012 and in 2013, which reflect in the

2012-2013 consumption drop predicted by the model and shown in Figure 7. Further-

more, Figure 5 highlights the importance of the change in permanent income shock un-

certainties: in 2011-2013 large downward movements in income, triggered by permanent

income shocks, become more likely. As a result, the precautionary saving motive be-

comes stronger in the model: facing an increased probability of a negative income shock,

households wish to save more and therefore consume less. Finally, cohort heterogeneity

in income shocks affects the consumption drop in 2011-2013. As shown in Figure 6,

permanent shocks during the Sovereign Debt Crisis are larger for younger cohorts, who

respond more to worsening lifetime resources due to their longer time horizon.

Calculated income shocks and the results of the structural model suggest that the

drivers of the contractions in consumption over the two crises are different. The increase

in income uncertainties (predominantly transitory shocks) is the main determinant of

the consumption fall in 2008-2009. In contrast, the negative income shocks and the

increase in income uncertainties (predominantly permanent shocks) play a major role in

explaining consumption drop during the Sovereign Debt Crisis.

To further examine the contribution of alternative channels in explaining consump-

tion dynamics within our framework, we implement counterfactual simulations illus-

trated below.

5.2 Counterfactual Simulations.

In this section, we consider the three main channels that potentially drive consump-

tion movements in our framework: first, the nature of the income shocks; second, the

precautionary saving motive; and third, the cohort effects. We run counterfactual simu-

lations in order to analyse the impact of these three different channels on consumption

behaviour individually.

The Nature of the Shocks.

According to the textbook version of the permanent income hypothesis, only unan-

ticipated permanent income shocks should induce substantial changes in consumption.

Expected or transitory income shocks, instead, should not alter consumption signifi-

cantly. When we consider a finite-period version of the permanent income hypothesis,

however, the predictions are not as straightforward, given that the age of the individuals
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also plays a role in the responses to different shocks. This is particularly relevant in our

case, where many different cohorts of households are present at the same time.

Figure 8: Simulated consumption profile: observed shocks perceived as permanent
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Notes: Both the baseline and the counterfactual model is simulated under parameter settings
listed in Table D.6 and risk aversion parameter of ρ = 0.5. The counterfactual model assumes that
all the shocks are perceived by households as permanent. We calculate aggregate consumption in
both models by simulating cohort-level consumption profiles and aggregate them using appropriate
cohort weights (representative of the Dutch population). We then create a consumption index by
using 2008 as the base year (2008=100). Aggregate consumption (from Eurostat) is real Household
and NPISH (non-profit institutions serving household) final consumption expenditure.

We illustrate how the nature of the income shocks shapes aggregate consumption

profile by simulating a model variant where households perceive all the income shocks

(which we have identified) as permanent. In this hypothetical scenario, households can-

not differentiate between transitory and permanent income shocks, and they mistakenly

consider all shocks as permanent.

Figure 8 presents simulated consumption profiles from this counterfactual model (the

dotted line) together with our baseline results (the solid line) and the data (the dashed

line), with the latter two being identical to those seen in Figure 7. It is evident that

consumption from the counterfactual model and the data are completely different: until

2008, consumption from the model is below the observed consumption data, while after

2008 it is above.

Recalling the trajectories of permanent and transitory income shocks, shown in Fig-

ure 4 and their distributions in Figure 5, we can interpret the results in Figure 8. We
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have to consider the sum of the two income shocks that, in this counterfactual model,

represent the perceived permanent income shocks households face. The sum of the two

shocks is only negative between 2011 and 2013, implying no significant consumption

drop in our model, except for the period of the Sovereign Debt Crisis. Note also, that by

perceiving permanent income shocks only, households also face higher future income un-

certainties (compared to our baseline model with both transitory and permanent income

shocks), and hence a stronger motive for precautionary saving. As a result, households

in the model have lower consumption till 2008, compared to the data, and they do not

react to the Global Financial Crisis as much as when the shocks are perceived correctly

(as in our baseline model).

From this counterfactual model simulation, we conclude that the nature of income

shocks is crucial in shaping aggregate consumption: by assuming that all the income

shocks are perceived as permanent, the model cannot explain the dynamics of the Dutch

economy between 2006-2018. In particular, the model predicts a 1.2% increase in ag-

gregate consumption between the 2008-2009 Global Financial Crisis, as opposed to the

observed drop of 1.9%. Moreover, assuming that all the income shocks are perceived

as permanent, the model generates a 0.3% increase in aggregate consumption between

the 2011-2013 Sovereign Debt Crisis, which is far from the observed drop of 2.1%. Note

that assuming that households perceive all the shocks as transitory instead also implies

unreasonable aggregate consumption profiles, as shown in Figure E.2 in the Appendix.

The Precautionary Saving Motive.

If we extend the textbook version of the permanent income hypothesis model with labour

uncertainties (or liquidity constraints) and prudent preferences26, the model can accom-

modate the so-called precautionary saving motive that triggers households to save more

and consume less if the downside risk to their future income increases. Given the CRRA

preferences and the presence of both labour uncertainties and liquidity constraints in our

model, the precautionary saving motive plays a role in households’ consumption/saving

behaviour in our baseline simulations.

The consumption literature has adopted the view that precautionary saving is an

important aspect of households’ savings behaviour, however there are some studies sug-

gesting that wealth accumulation for precautionary reasons is relatively small.27 In what

26Kimball (1990) defines relative prudence using the second and third derivatives of the utility func-
tion:

−c · u
′′′

u′′
.

Prudence measures the strength of the precautionary saving motive as a function of risk.
27Jappelli, Padula, and Pistaferri (2008), Hurst et al. (2010) or Fulford (2015) find a small effect of

precautionary saving, while Carroll and Samwick (1997), Gruber and Yelowitz (1999), Dynan, Skinner,

29



Figure 9: Simulated consumption profile: no precautionary motive
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listed in Table D.6 and risk aversion parameter of ρ = 0.5. The counterfactual model is the perfect
certainty version of our baseline model. We calculate aggregate consumption in both models by
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(representative of the Dutch population). We then create a consumption index by using 2008 as
the base year (2008=100). Aggregate consumption (from Eurostat) is real Household and NPISH
(non-profit institutions serving household) final consumption expenditure.

follows, we evaluate the importance of the precautionary channel within our framework.

In doing so, we simulate another model variant, assuming that households do not face in-

come uncertainties and hence they do not accumulate wealth for precautionary reasons.

Following Carroll (1997), we consider the perfect certainty version of our baseline CRRA

model described above. By assuming that transitory and permanent income shocks are

known in advance and that households do not expect these shocks to deviate from their

expectations, we are able to cease the precautionary saving effects.

Figure 9 shows the consumption profile from the perfect certainty version of our

CRRA model (the dotted line) together with our baseline consumption profile (the

solid line) and the data (the dashed line). In comparison with the baseline model, the

alternative model without the precautionary saving motive implies higher volatility in

consumption. The reason is straightforward: if households do not expect any downside

risk to their future income, they do not accumulate wealth for precautionary purposes.

These households consume more and save less than those in the baseline model with the

and Zeldes (2004) find that a significant fraction of savings is due to the presence of income uncertainty.
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precautionary motive.28 The lack of the precautionary saving motive makes households

less insured against negative income shocks.

Ignoring the precautionary saving motive causes the counterfactual model to fail to

match the empirical consumption profile over the period of interest. In particular, the

model predicts a 0.8% decrease in aggregate consumption between the 2008-2009 Global

Financial Crisis, as opposed to the observed drop of 1.9%. Moreover, in the absence

of the precautionary saving motive, the model generates a 4.4% decrease in aggregate

consumption between the 2011-2013 Sovereign Debt Crisis, which is more than twice

as much as the observed drop of 2.1%. These results suggest that the precautionary

saving motive plays a crucial role in households’ consumption and savings behaviour in

our framework. Therefore, our baseline model is more suitable for task of investigating

consumption sensitivity to income shocks than a model without the precautionary saving

motive.

Different Cohorts.

Our structural framework is based on cohort-level differences. As we point out in Sec-

tion 4.2, taking into account the existence of various cohorts is crucial at least for two

reasons. First, households belonging to different cohorts might experience quite different

shocks to their income. Second, households belonging to different cohorts might react

differently to similar income shocks as predicted by a finite version of the permanent

income hypothesis. A same-sized transitory income shock, for instance, triggers larger

consumption responses for older cohorts, as they face a shorter time horizon ahead to

smooth over income shocks. In contrast, a same-sized permanent income shock causes

larger consumption responses for younger cohorts, as the effect of the shock on lifetime

resources is greater for those with longer time horizon ahead. Next, we analyse these co-

hort level differences and their impact on the aggregate consumption dynamics between

2006 and 2018 in the Netherlands.

Figure 10a presents the simulated consumption paths for three different cohorts born

between 1945-1949 (the solid line), 1955-1959 (the dashed line), and 1965-1969 (the

dotted line), while Figure 10b shows their empirical counterparts (already seen in Figure

3). The cohort-level consumption profiles from the DNB Household Survey data exhibit

higher volatility than those from our simulated model, due to large measurement errors in

imputed consumption. Consequently, we interpret differences in the model and the data

with caution and focus mainly on comparing general trends of consumption dynamics

rather than levels of consumption.

28In Figure E.3 in Appendix E.1, we compare households’ savings behaviour over the life-cycle in the
baseline model and in the model without the precautionary saving motive.
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Figure 10: Simulated cohort consumption profiles
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Notes: The model is simulated under baseline parameter settings listed in Table D.6 and risk
aversion parameter of ρ = 0.5. We then create a consumption index for each cohort by using 2008
as the base year (2008=100). Data from the DHS is obtained as illustrated in Section 2.3. Shaded
area indicates crisis periods.

During the 2008-2009 crisis, the oldest cohort suffers the largest drop in consumption

both in our simulated model and in the Dutch data. This highlights the importance of the

negative transitory income shock the oldest cohort faces in 2009, as seen earlier in Figure

6. These transitory income shocks can trigger considerable changes in consumption

for older households, as they face a short time horizon ahead to smooth over income

shocks. Moreover, as the uncertainties over these transitory income shocks also increase

during the Global Financial Crisis, the impact of these shocks on consumption is further

amplified. Note, however, that the reason the consumption of the oldest cohort drops

most significantly is also related to life-cycle effects (i.e. households in cohort 1945-1949

become retired around 2011, which may be associated with a consumption drop; see for

instance Battistin et al., 2009).

Having established that the simulated cohort-level consumption profiles during the

2008-2009 crisis are in line with those from the DNB Household Survey, we next consider

how aggregate and cohort-level consumption profiles compare. As documented earlier,

aggregate consumption drops by 1.9% between 2008-2009 both in our simulated baseline

model and in the data. When we only consider the oldest cohort in our sample, cohort

1945-1949 for example, the drop in consumption is significantly higher with a 2.7%

decrease.

During the 2011-2013 crisis, we find that consumption of all cohorts decreases sub-

stantially, both in our simulated model and in the Dutch data. Permanent income shocks

trigger large declines in consumption for young households, as the effect of permanent
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shocks on their lifetime resources is substantial.29 Moreover, as the uncertainties over

these permanent income shocks also increase over the 2011-2013 crisis, the impact of

these shocks on consumption is further amplified. Comparing our cohort-level results

to the observed aggregate consumption, we find that consumption would have dropped

by almost five times as much as aggregate consumption if we only considered the oldest

cohort, cohort 1945-1949. Consumption for this cohort drops as much as 11.1% between

2011-2013.

Ignoring the fact the households consist of different age groups is not only unrealistic

but also has important implications on aggregate consumption dynamics in the model.

Different cohorts experience different shocks to their income, and they respond to those

shocks differently. By aggregating up the various cohorts, however, our model can

successfully match the aggregate consumption profile observed in the data between 2006

and 2018, as shown in our baseline simulation in Figure 7.

6 Conclusions

In this paper, we present a unique panel dataset of transitory and permanent income

shocks in the Netherlands between 2006 and 2018. As our first contribution, we iden-

tify the level of these income shocks by following the method of Pistaferri (2001) that

com- bines subjective income expectations with income realizations. Our results show

that Dutch households faced significant income shocks over the observational period,

and especially during the Global Financial Crisis (2008-2009) and the Sovereign Debt

Crisis (2011-2013). We find that the income shocks experienced during the 2008- 2009

crisis are of a different nature than the shocks experienced during the 2011-2013 crisis,

with the 2011-2013 shocks being perceived as more permanent. Looking at the income

uncertainties, instead, we highlight that the two crises are somewhat similar, as the dis-

tributions of the income shocks exhibited countercyclical left-skewness. Finally, we show

that the 2008-2009 crisis hit all the cohorts in a similar manner, while the 2011-2013

crisis affects the income of younger cohorts the most.

As a second contribution, we used the first and second moments of the identified

shocks in a structural model to address important points of income transmission to

consumption that would not be possible in a reduced-form setting. Our baseline model

with the income shocks generates very similar consumption patterns to those observed in

the data, both at the aggregate and the cohort level. Further, using counterfactual model

simulations we demonstrate the importance of the three channels that drive consumption

29Note that the consumption drop for the oldest cohort is also significant, however this drop is a com-
bination of the negative income shocks and the predicted life-cycle dynamics of income, as households
in cohort 1945-1949 are beyond retirement by this time.
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movements in our theoretical framework: the nature of income shocks, the precautionary

saving motive, and the cohort effects.

The strategy used in this paper is not without limitations. Probably the most im-

portant of all is the fact that the identification relies on the assumption of serially

uncorrelated income shocks. A less restrictive assumption about the income process

would be an MA(1) transitory income shock, in line with labour economics literature

(such as MaCurdy, 1982; Abdowd and Card, 1989). In order to gain identification under

serially correlated transitory income shocks, we would need further information about

the transitory income shocks (the known persistence parameter and the initial level of

the transitory income shock), which are not necessarily available. Another limitation

is linked to the reliability and information content of the subjective data. This issue,

however, is less and less problematic as survey measures improve, partially in response

to contributions such as Manski (2004), who stresses the usefulness of using subjective

expectations.

Beside its limitations, using income expectations and realizations to identify income

shock has obvious advantages. We show that using this method allows us a more in-

depth study of income shock transmission to consumption, as it allows for the direct

observation of income shocks (level identification) as opposed to other strategies (for

instance Blundell, Pistaferri, and Preston, 2008). With this method, we can also avoid

making strong assumptions on the information sets of households, and as a result can

interpret income shocks more broadly, as the sum of individual/cohort and aggregate

shocks. Therefore, we are confident, that empirical papers based on the methodology

proposed by Pistaferri (2001) and explored in this paper can provide new evidence in

understanding the link between income shocks and consumption.
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