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Abstract
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show that aggregate consumption smoothness primarily reflects expenditure rigidities
rather than weak preferences. Removing these frictions would increase the transmission
of permanent income shocks—and aggregate consumption volatility—by more than an
order of magnitude. Standard one-good or food-based measures severely misstate risk
exposure. Our estimates provide micro-founded discipline for the consumption adjust-
ment costs that govern aggregate shock propagation and the calibration of macroeco-
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1 Introduction

Understanding how income risk propagates into aggregate consumption dynamics is a cen-
tral question in macroeconomics. A large literature documents substantial heterogeneity in
income fluctuations over the life cycle and across households, and shows that these risks
shape inequality, insurance, and welfare (e.g. Meghir and Pistaferri, 2004; Kaplan and Vi-
olante, 2010; Blundell et al., 2016; Guvenen et al., 2014, 2021; Heathcote et al., 2020). Yet
despite this progress, we know remarkably little about how income shocks translate into
movements in aggregate consumption. Standard empirical approaches treat consumption as
a single good—often proxied by food expenditures—implicitly assuming that the response
of one narrow category summarizes households’ overall exposure to risk. This simplification
obscures the mechanisms through which shocks propagate and limits the ability of macroe-
conomic models to discipline consumption adjustment and volatility.

Aggregation across heterogeneous goods is not innocuous. Classical work by Deaton
(1992) and Ziliak (1998) emphasizes that pooling distinct consumption categories can distort
inference about both preferences and the income process. Prominent applied studies such as
Stephens (2004), Aguiar and Hurst (2005), and Hendren (2017) rely on food expenditures as
a proxy for total consumption, even though food represents a small and unusually smooth
component of household budgets. As Chetty and Szeidl (2007) show, ignoring within-period
substitution and category-specific elasticities biases inference about risk exposure and wel-
fare, while Aguiar and Hurst (2013) document substantial heterogeneity in spending patterns
over the life cycle. These findings suggest that understanding aggregate consumption dy-
namics requires looking inside the household budget rather than relying on a single aggregate
series.

This paper develops and estimates a multi-good extension of the permanent-transitory in-
come framework of Blundell et al. (2008)—building on the canonical analyses of Hall (1978),
Hall and Mishkin (1982), and Flavin (1981)—in which each consumption category has its
own exposure to permanent and transitory income shocks. Using unique longitudinal micro-
data on disaggregated expenditures, we recover category-specific pass-through coefficients
that map income innovations into spending responses. This structure embeds disaggregated
consumption directly into an income-dynamics model and provides a unified framework for
measuring how different components of household budgets contribute to aggregate consump-
tion smoothing.

Our first finding is that commonly used single-good measures severely misstate risk ex-
posure. Food expenditures—the standard proxy for consumption in much of the literature—

respond only weakly to permanent income shocks. Because permanent shocks account for



the bulk of welfare costs (Blundell et al., 2016), calibrations based on food dramatically
understate households’ exposure to long-run income risk, consistent with concerns raised by
Ziliak (1998) and with important implications for applications such as optimal unemploy-
ment insurance in Hendren (2017). More generally, aggregate measures constructed from a
single series obscure substantial cross-category heterogeneity in adjustment.

Our second and central contribution is to separate desired from feasible adjustment. The
multi-good structure allows us to decompose each category’s response into a preference-
driven component—the desired reallocation of spending—and an attenuation component
reflecting adjustment frictions. This distinction is first-order for macroeconomic analysis.
Preferences govern where households would like to adjust, while frictions determine how
much adjustment actually occurs in the short run. Aggregating these category-level rigidities
yields a micro-founded measure of consumption adjustment costs that directly disciplines the
propagation of shocks into aggregate spending.

We show that these frictions play a dominant role in shaping macro outcomes. Removing
adjustment costs would increase the transmission of permanent income shocks into aggregate
consumption—and hence consumption volatility—by more than an order of magnitude. In
contrast, relying on food or other narrow proxies would imply almost no exposure to income
risk. Thus, much of the observed smoothness of aggregate consumption reflects expenditure
rigidities rather than weak preferences. The resulting estimates provide empirically grounded
parameters that can replace the ad hoc calibration of habits or adjustment costs commonly
used in quantitative macroeconomic models.

Taken together, our results link micro expenditure behavior to aggregate consumption dy-
namics. By documenting how permanent and transitory shocks propagate unevenly across
categories, we show that disaggregated consumption data are essential for measuring risk
exposure, welfare costs, and macro volatility. The multi-good BPP framework offers a
tractable and empirically grounded tool that can provide direct inputs for the calibration of

heterogeneous-agent and business-cycle models.

2 Model

2.1 Income Dynamics

Our empirical framework builds on the standard permanent—transitory decomposition of
income and the partial-insurance model developed by Hall (1978), Flavin (1981), and, in
its canonical modern form, by Blundell et al. (2008) (BPP). We adopt a BPP-style income

process: (log) household income is the sum of a permanent component that follows a random



walk and a purely transitory component.!

Let y;; denote (log) household income for individual ¢ in period ¢. We write:
Yit = Pt + Eit, (1)

where p;; is permanent income and €; is a transitory shock. The permanent component

follows:
Pit = Pit—1 + Nt (2)

where 7);; represents a permanent innovation. We assume that
.. 2 .. 2
Nie ~ 1.d.d. (0,0,), & ~iid. (0,07),

with 7; and £; mutually independent and uncorrelated across households and over time.
This process has become standard in the income dynamics literature (e.g. Blundell et al.,
2008; Meghir, 2011; Guvenen et al., 2014; Blundell et al., 2016) and is supported by both
survey and administrative data for several countries.

Taking first differences yields:
AYit = Yit — Yig—1 = Nit + it — Eig—1-
This implies the well-known moment conditions:

Var(Ayy) = o} + 2072, (3)
Cov(Ayit, Ayipr1) = —03- (4)

From these, we can identify the variances of permanent and transitory income shocks:

02 = —Cov(Ayir, AYiii1), (5)
o’ = Var(Ayi) + 2Cov(Ayie, Ayii41)- (6)

n

LOur methodology is easily extended to richer income dynamics. Any parametric specification that implies
a tractable covariance structure for income growth—such as models with persistent transitory components,
time-varying variances, or heterogeneous shocks—can be incorporated by replacing the BPP moment con-
ditions with their generalized counterparts. Only the mapping from observed covariances of income and
consumption growth to the underlying shock processes is modified.



2.2 Consumption Dynamics

The standard BPP framework considers a single (log) nondurable consumption measure c;

and specifies consumption growth as

Acit = ¢ + Y ir + it (7)

where ¢ and v capture the loading of consumption on permanent and transitory income
shocks, and &; is an idiosyncratic (taste) shock orthogonal to income innovations.?

Our contribution is to extend this one-good framework to a setting with multiple con-
sumption categories that match the empirical expenditure breakdown in our data. Let cg
denote (log) real expenditure in category k € {1,..., K} for household i at time ¢ (e.g. food

at home, rent, clothing). We define log-differences for each category
Acgit = Cit — Ckit—1,
and specify the following multi-good analogue of (7):

Ackir = Gk Nie + Vi €it + Ekit- (8)
Here:

e ¢ is the loading of category k on permanent income shocks. A value ¢, = 0 corre-
sponds to full insurance of category k against permanent shocks, while ¢ = 1 corre-

sponds to a one-for-one response of category k to a permanent shock.

e ;. is the loading of category k on transitory income shocks. Under full short-run
insurance, consumption should not respond to purely transitory shocks (¢, = 0);
deviations of v from zero quantify the degree of incomplete smoothing of transitory

fluctuations.

e & is an idiosyncratic preference or taste shock for category k, which captures move-

ments in spending that are unrelated to income shocks.

We assume that &;; is mean-zero, serially uncorrelated, and orthogonal to the income inno-

2In practice &;; may also absorb measurement error in expenditures. The existence of measurement error
affects the variance decomposition but not the covariance-based identification of (¢g,1x) under classical
error, i.e. measurement error is not systematically related to true consumption growth or income shocks.



vations for all i, k, ¢

E[gri] = 0, (9)
COV(gkl't, 7715) = 0, (10)
COV(fkit,éfis) =0. (].1)

For simplicity we assume?

Cov(&git, Eprisr) = 0 for (k,t) # (K, s'). (12)
We denote the variance of the taste shock for category k£ by
Var(&ir) = 0 .- (13)

Given the income process outlined in Section 2.1 and the consumption equation (8), the key

second moments linking income and category-level consumption growth are:

Cov(Acit, Ayir) = Cov(rtie + Vit + Exits Mit + Eit — Eip—1)
= G0, + o, (14)

Cov(Ackit, A1) = Cov(dumie + Vuit + Ekits Mig+1 + Eipr1 — it

= _¢kggv (15)
Var(Acgi) = Var((bkmt + Ypei + sz't)
= qﬁiag + wiaf + Jg’k. (16)

Equations (14)—(15) show that the permanent-loading ¢ and the transitory-loading 1y are
identified from the covariances of category-level consumption growth with current and future

income growth, once the income shock variances (02, 02) have been identified from (5)-(6).

n e
Specifically,
Cov(Acgit, Ay;
b = — ov( Ckatz y,t+1)’ (17)
= COV(ACkm Ayit) + COV(ACm, Ayi,t+1> (18)
o2 ’
n

3In practice, taste shocks can be correlated across goods.



Given (¢, V), the variance of taste shocks is then identified from (16) as
aék = Var(Acgi) — gbia?? — i, (19)

Equations (17)-(19) provide a direct multi-good extension of the BPP moment inversion. In
our empirical implementation, we construct these moments from first differences of residual
log income and residual log consumption for each category,* and solve the system implied
by (5), (6), (17), (18), and (19) jointly for (07, 02, ox, Vr, 07 1)-

2.3 Assumptions and Relation to the Literature

Our framework generalizes the one-good permanent—transitory model of Blundell et al.
(2008) to a multi-good setting while remaining conceptually close to their identification

strategy. The key assumptions can be summarized as follows:

1. Permanent—transitory income structure. Household income follows a perma-
nent-transitory decomposition with a random-walk permanent component and an i.i.d.
transitory component, as in Blundell et al. (2008) and related work (e.g. Blundell et al.,
2016; Guvenen et al., 2014). This structure delivers the simple moment conditions in
(5)-(6), which we exploit to identify (o7, 02).

2. Orthogonality and serial independence of shocks. Permanent shocks 7;;, tran-
sitory shocks ¢;;, and taste shocks & are mutually orthogonal across time and house-
holds. This assumption underlies the mapping between observed covariances of in-
come and consumption growth and the structural parameters, and follows the standard

partial-insurance literature.

3. Consumption responds to both permanent and transitory shocks. In con-
trast to a pure “permanent-shocks-only” specification, we follow Blundell et al. (2008)
in allowing consumption to respond to both permanent and transitory income innova-
tions through (¢, ¥r). Under full smoothing of transitory fluctuations, we would have
Y, = 0 for all k. Deviations from zero therefore quantify incomplete insurance against

transitory shocks at the category level.

4. Idiosyncratic preference shocks are orthogonal to income. Taste shocks &

capture fluctuations in category-level consumption that are unrelated to income. We

4Here, we take into account a predictable part of the income process defined by age categories, gender, ed-
ucational level, household size, number of children, and period-specific effects. For details of those estimates,
we refer to Tables 7 and 8 in the Appendix.



assume they are orthogonal to 7;; and ¢;; and uncorrelated across time and categories.

This ensures that o, can be recovered as a residual variance as in (19).

5. Residualization of predictable components. The theoretical model abstracts
from predictable life-cycle patterns and observable heterogeneity. In the data, we
first regress log income and log consumption in each category on age, calendar year,
household composition and other controls. For details of those estimates, we refer to
Tables 7 and 8 in the Appendix. All moments are computed using the resulting resid-
uals. Under the assumption that controls span the predictable component of income
and consumption, the residual-based moments are equal to the moments implied by
(8).

Relative to the canonical one-good analyses of Blundell et al. (2008) and subsequent con-
tributions, our multi-good framework allows the degree of partial insurance to vary across
detailed expenditure categories. The parameters (¢, ¥y, 027,6) trace out how permanent and
transitory income shocks are absorbed (or amplified) in the composition of the consumption
basket, not only in its aggregate level. This richer structure is directly aligned with our
empirical strategy: we implement the BPP-style moment-based identification separately for
each consumption category using the same underlying income process, thereby delivering a

coherent multi-good generalization of the original BPP model.

2.4 Estimation Procedure

This section describes the construction of the empirical moments, the mapping from moments
to the structural parameters of the multi-good BPP model, and the computation of standard
errors. The procedure extends the original single-good estimator of Blundell et al. (2008)
to a setting with multiple consumption categories, permanent and transitory income shocks,
and category-specific taste shocks.

Throughout, all variables are first residualized with respect to age, calendar year, house-
hold composition, and other demographic controls. The residualization step removes pre-
dictable components that are outside the BPP model and ensures that first differences iden-

tify innovations rather than systematic life-cycle movements.

Step 1: Constructing First Differences

For each household 7 observed in consecutive years t and t + 1, we compute first differences

of residual log income (y) and residual log consumption (¢) in each category k:

Ayt = Yir — Yit—1, Ackit = Crit — Chkyit—1-



The theoretical counterparts of these objects are
Ayir = nit + €t — Eip—1,

and

Ackit = OxNie + Vrit + Epit-

These moment conditions form the basis for identification of both the income process (o2, 02)

m Ye
and the consumption parameters (¢x, 1, 07 ).
Step 2: Estimating Income-Shock Variances
We construct the sample variance and first-order autocovariance of Ay;, as
— 1 ——\2
Var(Ay) = ¥ ; (Ayit — Ay) , (20)
— 1 I N
Cov(Ays, Ayir) = N Z (Ayit — Ay) (Ayipe1 — Ay) (21)

it

where Ay = % Zi,t Avy;; and N denotes the number of household-year observations used to

form the moments. Under the income process in Section 2.1, the population moments satisfy
Var(Ay;) = 0727 + 202, Cov(Ayir, AYiip1) = —02.

Thus the income-shock variances are identified via the BPP inversion:

52 = — Cov(Ayis, Ayigsr), 02 = Var(Ayu) + 2 Cov(Ayir, Ayiir1).

Step 3: Estimating Consumption Loadings on Permanent and Transitory Shocks

Given (02,02

’]”7
growth to identify each category’s exposure to permanent and transitory income shocks.

), we use covariances between category-level consumption growth and income
Define the empirical moments
mk,o = 6(;7<Ackit> Ayit)> mk,l = C/O\V(Aclm, Ayi,t—i—l)-
The theoretical moments from equations (14)—(15) imply

My, = =1y, 02, Mo = G0, + Yr02.



Solving yields the BPP-style identification:

~

-~ Mg 1

Y = — 52 (22)
~ M0 + M1

O = — 2 (23)

n

This provides a pair of structural loadings for every consumption category k.

Step 4: Recovering Taste-Shock Variances
The remaining structural parameter for each category k is the variance of taste shocks ag’ K
From the variance decomposition,
Var(Ackit) = ¢, 02 + o + 05 ks
we obtain the estimator
52, = Var(Acy) — 6252 — 252,
This step is implemented by computing the sample variance of Acy;; for each k and sub-
tracting the fitted contributions of the income shocks.
Step 5: Computing Standard Errors via Block Bootstrap

We compute standard errors using a nonparametric block bootstrap at the household level.
Each bootstrap replication resamples entire household histories to preserve the temporal

dependence structure of (Ay;, Acyii). For each bootstrap sample, we:

1. reconstruct the empirical moments in Steps 24,
~2 ~2

2. recompute o, and o,

3. obtain new estimates of (G, ¥, 02 1)

The reported standard errors are the empirical standard deviations over 499 bootstrap repli-
cations.® This procedure is robust to serial correlation, heteroskedasticity, unbalanced panel

structure, and cross-category dependence within the household.

5We use 499 bootstrap replications to obtain stable inference while keeping computation tractable. Simu-
lation studies show that 400-600 replications deliver reliable confidence intervals for estimators of compara-
ble complexity (e.g. Davison and Hinkley, 1997; Efron and Tibshirani, 1994). Increasing replications further
yields negligible improvements relative to the computational cost in our high-dimensional multi-equation
estimation.

10



3 Institutional Context

A central feature of the Dutch economic environment is the extensive system of public
insurance that shapes both the distribution of income risk and its transmission into household
consumption. This stands in sharp contrast to the institutional structure of the United
States—which has been studied most frequently in the context of consumption dynamics—
where government-provided insurance is substantially more limited. These differences are
essential for interpreting the consumption responses estimated in our study.

Recent evidence by De Nardi et al. (2021) documents earnings dynamics in both the
Netherlands and the United States. They show that the propagation of primary income
shocks into household disposable income—which is closely related to consumption—is fun-
damentally different across the two countries. In the Netherlands, government transfers,
taxes, and income-dependent benefits substantially reduce the variance, negative skewness,
and kurtosis of income changes. Disposable income is therefore much smoother than pri-
mary income. In the United States, by contrast, the public safety net plays a much smaller
stabilizing role, leaving households more exposed to persistent and tail income risk.

Several institutional features contribute to the high degree of income smoothing in the
Netherlands. Unemployment insurance replaces roughly 70-75% of prior earnings for up to
two years,®, two years of sickness benefits (with a 100% replacement rate in many cases)
followed by disability insurance (replacement rate of 70-75%), means-tested social assistance
ensures a minimum income floor (about 1,400 euros p/m), and universal health insurance
eliminates out-of-pocket medical expenditure risk. Together, these programs substantially
compress the distribution of disposable income shocks, particularly those in the left tail.

The Dutch system of government-provided insurance thus significantly limits the extent
to which earnings risk translates into consumption volatility. These institutional aspects

help explain the core empirical patterns we document in this paper.

4 Data

4.1 LISS Panel

This study uses longitudinal microdata from the Longitudinal Internet Studies for the So-
cial Sciences (LISS) panel, a probability-based sample of Dutch households administered by
CentERdata. The LISS panel is uniquely well suited for studying the structural relationship

6Been et al. (2024) report that job loss induces a significant but relatively minor drop of 5% in total
consumption suggesting that Dutch households are largely insulated from unemployment risk in the short-
run.
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between income risk and household consumption because it contains a rich set of annual
expenditure categories reported at the household level, alongside detailed demographic and
socioeconomic variables. In contrast to widely used US datasets such as the PSID or CEX,
the LISS panel includes a comprehensive breakdown of household spending categories, en-
abling us to estimate category-specific responses to permanent income shocks.

Our analysis combines self-reported consumption data with administrative income vari-
ables, including total net household income. To ensure comparability over time, all nominal
spending and income variables are deflated using the consumer price index (CPI) with base
year 2015 (CPI = 100). We construct real income as

: nominal
real mcome,;

income;;” = —————
i CPIL,

and analogously deflate each consumption category.

We focus on a set of consumption categories that span both nondurables (e.g. food,
clothing), quasi-durables (e.g. transport expenditures), housing-related commitments (e.g.
mortgage payments, rent, utilities), and discretionary categories (e.g. holidays, leisure, do-
nations). This rich decomposition allows us to estimate the consumption response to income
shocks across multiple margins of household adjustment, rather than relying on a single ag-
gregate measure. We restrict our sample to households in which the household head is aged

25-60, as is common in studies of income dynamics.

4.2 Descriptive Statistics

Table 1 presents descriptive statistics and mean budget shares for the main consumption cat-
egories used in the analysis. All variables are reported in real 2015 euros. The table reveals
substantial heterogeneity across both levels and composition of household expenditures. On
average, households allocate the largest shares of their budgets to necessities such as food at
home, mortgage or rent payments, utilities, and insurance, consistent with the importance
of housing and essential services in household budgets. Transport, clothing, and leisure also
represent meaningful expenditure categories but with greater variation across households.
In contrast, categories such as donations, daycare, schooling, and personal care exhibit rel-
atively low average spending and small budget shares, reflecting demographic differences in
household composition as well as institutional features—such as subsidized childcare and
regulated medical costs—that reduce out-of-pocket expenses. The wide dispersion in budget
shares across categories highlights the importance of analyzing consumption responses at a

disaggregated level rather than focusing solely on aggregate spending.
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Table 1: Descriptive Statistics and Mean Budget Shares

Category Obs Mean Std. Dev. Min Max Mean Budget Share
Total Consumption 30,979 1,995.84  1,130.38 0.93  8,335.04 —
Mortgage 28,805  352.50 438.02 0 2,046.32 0.1695
Rent 29,214  169.14 265.10 0 1,050.00 0.1133
Utilities 28,462  204.94 102.55 0 653.47 0.1281
Transport 29,143  124.22 117.79 0 700.00 0.0678
Insurance 28,193  235.12 151.75 0 905.88 0.1389
Debt Payments 29,624  23.59 76.42 0 552.85 0.0118
Cleaning 29,032 46.13 66.09 0 452.94 0.0244
Food at Home 29,455  325.27 200.20 0 1,116.17 0.1971
Daycare 29,528  19.31 98.63 0 943.33 0.0077
Holiday 22,664  126.55 192.88 0 1,500.00 0.0460
Food Out 22,636  53.26 66.79 0 436.73 0.0227
Clothing 22,617  85.96 90.75 0 624.74 0.0393
Personal Care 9,873 46.41 44.39 0 312.37 0.0094
Medical Care 30,211  45.26 79.21 0 650.00 0.0302
Schooling 22,390 8.27 30.92 0 260.31 0.0032
Leisure 13,139  62.02 70.94 0 520.62 0.0160
Donations 22,596  49.29 62.55 0 525.82 0.0258
Net income 30,979 2,759.13  4,525.29 0  315,965.30 —

Notes: All amounts are price-deflated using CPI (2015 = 100) and expressed in euros per month at the
household level.

5 Results

This section presents the empirical estimates of the structural income and consumption
model using Dutch longitudinal data from the LISS panel. We first discuss the estimated
variances of permanent and transitory income shocks, before turning to the heterogeneous
responses of consumption categories to permanent income shocks. Finally, we calculate the

welfare costs from income risk.

5.1 Income Shock Estimates

We begin by discussing the estimated variances of permanent and transitory income shocks,

(03], 0?), obtained from the covariance structure of residual income growth as described in

Section 2. The estimates are reported in Table 2. Both variances are precisely estimated

and statistically significant at the one-percent level.
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Interpretation of the coefficients. In the permanent—transitory framework, 03 measures
the variance of innovations to the expected lifetime path of income. A permanent shock 7;
represents a revision to the household’s permanent income and therefore affects the entire
future income profile. Consequently, 0% captures the magnitude of long-run uncertainty
faced by households. Our estimated permanent income variance of 0.032 implies that a 1-
standard-deviation permanent shock raises (or lowers) household income by approximately
20 percent,” shifting the entire future income path.

By contrast, 02 measures the variance of purely transitory fluctuations in earnings that
do not alter expectations of future income. These shocks represent short-lived deviations
such as bonuses, temporary job-loss spells, or short-run hours adjustments. Because they
are mean-reverting by construction, they do not enter p;; and have only temporary effects
on resources. Our estimated transitory income variance of 0.013 implies that a 1-standard-
deviation transitory shock raises (or lowers) household income by approximately 12 percent.®
Unlike permanent shocks, these fluctuations do not alter expected future income and there-
fore should be largely smoothed under full insurance.

The absolute magnitude of these variances therefore carries clear economic meaning:
larger values of 02 correspond to greater long-run income risk, while larger values of o2

reflect more volatile short-run income dynamics.

Comparison with U.S. evidence. Our estimates indicate that the permanent income

variance is sizeable yet modest when compared to U.S. evidence. In particular, the Dutch

2
n

et al. (2008), who find permanent-variance estimates in the range of 0.05-0.10 for U.S. house-

estimate of ¢ is substantially smaller than the benchmark estimates reported by Blundell
holds using the PSID.? In our setting, the permanent variance is closer to the lower end of
the international range. This suggests that households in the Netherlands face comparatively
muted long-run income risk, consistent with institutional features of the Netherlands.

The transitory income variance, on the other hand, is also precisely estimated but remains
somewhat smaller than U.S. counterparts. Blundell et al. (2008) report transitory-variance

estimates between 0.03 and 0.05, depending on specification. Our transitory variance es-

7A permanent income variance of 0% = 0.032 means that the innovation 7;; follows a normal distribution
ni¢ ~ N(0,0.032). The corresponding standard deviation is ¢, = 1/0.032 ~ 0.179, so a one-standard-
deviation permanent shock raises (or lowers) log income by about 0.18, which is equivalent to a change in
income of approximately exp(0.18) — 1 ~ 20%.

8 A transitory income variance of o2 implies that the innovation ;; ~ N (0, 02) affects income only in the
current period and partially in the adjacent periods through the differenced term Ay, = nit + €5t — €54—1.
If, for example, 02 = 0.013, then the standard deviation of the transitory shock is v/0.013 ~ 0.114, implying
a temporary change in log income of about 0.11, or roughly exp(0.11) — 1 ~ 12%.

9See also Blundell et al. (2016) and Guvenen et al. (2014) for similar U.S. estimates and cross-cohort
comparisons.
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timates fall noticeably below this range, again consistent with institutional features of the
Netherlands.
Taken together, the Dutch income process displays:

1. Lower permanent income risk than in the United States, implying that long-horizon

income uncertainty is comparatively limited.

2. Somewhat lower transitory income volatility, suggesting that short-run earnings fluc-

tuations are also smoother.

This pattern is consistent with earlier cross-country studies showing that continental Euro-

pean economies tend to exhibit lower income volatility than the United States.'®

Implications. The smaller values of both 0727 and o2 have two important implications for
the interpretation of our consumption results in Section 5.2. First, they imply that the abso-
lute contribution of income risk to consumption variation is smaller in the Netherlands than
in the U.S. context traditionally studied in the BPP literature. Second, because permanent
shocks are less volatile, the relative heterogeneity in category-specific loadings ¢, becomes
particularly informative about the mechanisms through which households smooth income
risk across different components of their consumption basket.

In summary, our results confirm the presence of both long-run and short-run income risk,
but at substantially reduced magnitudes relative to the United States. This difference is eco-
nomically meaningful and aligns with institutional and labor-market features distinguishing
the Dutch economy from the U.S. benchmark of Blundell et al. (2008).

Table 2: Estimated Income Shock Parameters

Estimate Standard Error
0.0322%** 0.0020
0.0128%** 0.0008

Permanent income variance o
Transitory income variance o

O NS

Notes: Asterisks denote significance at the 10% (*), 5% (**), and 1% (***) levels.

5.2 Consumption Responses to Permanent Income Shocks

Table 3 reports the estimated loading of each consumption category on permanent income

shocks (¢y), transitory income shocks (¢x), and the variance of category-specific taste shocks

10See, for example, Venn (2011) (OECD), Pistolesi (2014) (France), Arellano et al. (2017) (Denmark),
Ramos (2003); Blundell and Etheridge (2010); Cappellari and Jenkins (2014) (UK), and De Nardi et al.
(2021) (Netherlands).
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(O’Zk). Three patterns stand out: (i) substantial heterogeneity across categories in the degree
of pass-through to permanent income shocks, (ii) limited and largely insignificant responses
to transitory shocks, and (iii) pronounced dispersion in the idiosyncratic (taste) volatility
across consumption categories. Each of these patterns provides insight into the mechanisms

through which households smooth income risk and adjust the composition of their spending.

Responses to permanent income shocks. Permanent income shocks shift the expected
lifetime budget constraint. In theory, forward-looking households should adjust expenditures
in categories whose marginal utility responds strongly to long-term changes in resources. Our
estimates reveal substantial heterogeneity in ¢y, ranging from near-zero for housing categories
(mortgage, rent, utilities) to sizable elasticities for non-essential or discretionary categories
such as leisure (¢ = 0.480), insurance (¢ = 0.432), transport (¢, = 0.318), and personal
care (¢ = 0.311).

This pattern is economically intuitive. Housing expenditures in the Netherlands are
largely predetermined in the short run due to long-term mortgage contracts, rental agree-
ments, and regulatory constraints; such institutional rigidities curb the ability of house-
holds to adjust these components in response to permanent income revisions. By contrast,
categories with a higher discretionary margin—recreation, holidays, out-of-home food con-
sumption, and personal services—provide direct scope for adjustment and therefore exhibit
strong pass-through. These responses are consistent with models of non-homothetic prefer-
ences, where luxury or quality-intensive goods react proportionally more to long-run changes

in lifetime resources.

Responses to transitory income shocks. Transitory shocks should, under full insur-
ance, have little effect on consumption. We indeed find that most 1, estimates are small
and statistically insignificant. The exception—payments on insurances—Ilikely reflect that
temporary income declines increase short-run uncertainty thereby raising the perceived value
of protection and reinforcing precautionary motives. Still, the broad pattern aligns with the
permanent-income hypothesis: category-level consumption is well insulated from short-run

income fluctuations.

Taste-shock heterogeneity. The estimated taste-shifter variances of ; exhibit large dis-
persion across categories, with particularly high values for medical spending, schooling, hol-
idays, and leisure. These categories represent domains in which household-specific events
(health shocks, educational needs, accumulated work stress) generate substantial idiosyn-

cratic volatility that is orthogonal to income shocks. Conversely, highly routine and pre-

16



dictable categories such as mortgage payments and utilities display relatively low taste-shock

variances.

Why heterogeneity matters. The heterogeneity we uncover is not merely descriptive
but has important implications for economic behavior and welfare. First, variation in ¢y
directly informs which components of the consumption bundle adjust to long-run income risk
and therefore carry the welfare consequences of imperfect insurance. Categories with high
permanent-loadings act as the primary “adjustment margin” in smoothing income shocks,
while rigid categories (e.g. housing) amplify the sensitivity of other categories.

Second, heterogeneity in adjustment elasticities is central to understanding the effective
curvature of the household utility function over different goods. As shown by Chetty and
Szeidl (2007), differences in category-level elasticities encode information about the structure
of household preferences and the degree of within-period substitutability across consumption
goods. Our findings imply that households smooth income shocks not through uniform pro-
portional adjustments but by reallocating spending toward and away from specific categories,
consistent with multi-good models of partial insurance.

Moreover, our results clearly indicate that food spending may not be representative for
an approximation of total consumption as the loading of food spending (both at home and
away) on permanent income shocks are much lower than the loading of total income on
permanent income shocks: @ oeq << ¢rotqi- This implies that studies that use food spending
as a proxy for total spending are likely to severely underestimate the consequences of income
shocks and overestimate the degree of (partial) insurance from income shocks (Hendren,
2017).

Finally, heterogeneity in ag’k matters because idiosyncratic volatility is a major driver
of consumption inequality across households. Categories with high taste-shock variance—
medical care, schooling, leisure—contribute disproportionately to cross-sectional dispersion
even in the absence of income risk. This implies that policy interventions targeting these
categories (e.g. education subsidies, health insurance design, or childcare support) may ma-

terially affect consumption inequality and risk exposure.

5.3 Welfare Costs of Income Risk: A Numerical Example

To quantify the welfare cost of income risk, we follow the standard BPP approach and

consider a CRRA utility function (where the CRRA is measured by «)'! over a composite

1y = 2 is widely used in quantitative work (e.g. Blundell and Stoker, 1999; Carroll and Samwick, 1997).
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Table 3: Category-Level Responses to Permanent and Transitory Income Shocks

Category P SE(¢x) Uk SE(vx)  ofy  SE(dg,)
Total consumption 0.251***%  0.055 0.098 0.239  0.382***  (.014
Mortgage -0.002 0.033 0.237 0.168  0.138%** 0.008
Rent 0.072 0.068 -0.117 0.195  0.151%** 0.019
Utilities 0.013 0.048 0.045 0.150  0.228%** 0.006
Transport 0.318%F*  0.071 -0.096 0.301  0.676***  0.013
Insurance 0.432*%**  0.063 -0.660** 0.274  0.631***  0.012
Debt payments -0.184** 0.088 0.387 0.304  0.440*** 0.020
Cleaning 0.224** 0.091 0.503 0.415  0.999%** 0.016
Food at home 0.008 0.055 0.214 0.308  0.431*** 0.010
Food away from home  0.141* 0.074 0.199 0.338  0.864***  0.016
Clothing 0.022 0.062 0.254 0.220  0.696*** 0.014
Personal care 0.311%**  0.103 0.083 0.429  0.738***  0.018
Medical care 0.197* 0.118 -0.334 0.494  1.576%** 0.026
Daycare -0.256* 0.140 0.493 0.709  0.647*** 0.042
Holiday 0.263** 0.103 0.004 0.412  0.900*** 0.021
Schooling 0.185 0.118 0.153 0.506  1.418%** 0.041
Leisure 0.480***  0.114 -0.057 0.535  0.889%** 0.021
Donations 0.268***  0.079 -0.024 0.333  0.841*** 0.015

Notes: Asterisks denote significance at the 10% (*), 5% (**), and 1% (***) levels. Permanent shock
loading = ¢, transitory shock loading = ), taste-shifter variance = O'g, -

consumption index Cj,

ohtl
C,) =
u( t) 1 _ 77

Assume that (log) total consumption is approximately normally distributed,

v =2.

log Cy = pe + &4, gr ~ N(0,08),
where 02 is the variance of log consumption induced by permanent income shocks.'? Under
lognormality,'® expected utility is

Blu(C)] = = exp((1 = e + (1= 7)%2).

The consumption-equivalent variation (CEV) X is defined as the proportional reduction in

deterministic consumption that leaves the household indifferent between a risky environment

12Consistent with our estimates, we abstract from transitory shocks.

13The closed-form expressions below rely on a standard second-order approximation: if log C; is approxi-
mately normal with variance o2, then expected CRRA utility admits a lognormal evaluation up to second
order in 0. This approximation is accurate when consumption risk is moderate, as in our estimates.
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and a risk-free one:

Elu(Cy)] =u ((1-X)C),

where C' = exp(u¢) is the mean consumption level. Under CRRA and lognormality, this
yields the closed-form CEV

1—A=exp((1—7)oZ), A=1—exp(3(1—7)oZ).

In our setting, we can relate o2 to the underlying income risk using the estimated load-
ing of total consumption on permanent income shocks, ¢ia1, and the permanent income
variance, 05. Ignoring any additional sources of consumption risk, we approximate

2 o 2 2
O0C total ~ (btotalan'

With our final estimates, ¢yt = 0.251 and 072] = 0.0322, this implies
Ot soral A 0.251% x 0.0322 ~ 0.0020.
Plugging this into the CEV formula with v = 2,
Atotal = 1 — exp (=308 101a1) & 1 — exp(—0.0010) = 0.0010,

so the welfare cost of permanent income risk in the one-good benchmark is about 0.10%
of consumption. Put differently, a representative household would be willing to give up
roughly one-tenth of one percent of its deterministic consumption each year to eliminate the

permanent income risk that we estimate for the Netherlands.

A Multi-Good Welfare Framework

The one-good calculation abstracts from the rich heterogeneity we have documented across
consumption categories. Households in our data choose a vector of goods (cyy, . .., cxy), and
the pass-through of permanent income shocks differs sharply by category, as captured by
the ¢ parameters in Table 3. To highlight the welfare implications of this heterogeneity, we
consider a simple multi-good extension in which the welfare cost of income risk is computed
separately for each category.

For category k, we approximate the variance of log consumption due to permanent income

risk by

2 2 2
Uc,k~¢k0na
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2
n

utility with v = 2 and lognormality,'* the category-specific CEV is then

where o~ is the common permanent income variance estimated in Section 5.1. Under CRRA

A =1-— exp(—%gbiag) ) v =2. (24)

This formula mirrors the one-good case, but now applies to the volatility of each individual

consumption category induced by permanent income shocks.

Empirical Category-Specific Risk Exposure

In a multi-good setting, welfare is defined over the composite index C; (e.g. the CES aggre-
gator), so a welfare-based consumption-equivalent variation depends on Var(log C;) rather
than on (logcy) for each component in isolation. We therefore interpret ¢jo; and the
implied Var(logck;) as category-specific risk exposure measures, not as stand-alone welfare
losses by category.

Table 4 reports this empirical category-specific risk exposure, computed from the final
estimates of ¢ in Table 3, the permanent variance 0727 = 0.0322, and equation (24). The
table also reports the implied variance a%’ = 20727 of log consumption in each category due
to permanent income risk.

Several patterns emerge. First, the welfare cost of permanent income risk for total con-
sumption is modest at about 0.10%, only slightly larger than the illustrative one-good cal-
culation above. Second, the cross-category dispersion in welfare costs is substantial. Leisure
(0.37%), insurance (0.30%), transport (0.16%), personal care (0.16%), donations (0.12%),
holidays (0.11%), and daycare (0.11%) exhibit welfare losses that are roughly two to three
times larger than the one-good benchmark. By contrast, essential and rigid categories such as
mortgage payments, rent, utilities, and food at home display negligible CEVs: their effective

exposure to permanent income risk is extremely low.

Comparing One-Good and Multi-Good Welfare Costs
Two findings stand out when comparing the one-good and multi-good perspectives:

1. The one-good CEV of roughly 0.10% masks substantial heterogeneity in how income risk
affects different components of the consumption bundle. Several categories—especially

leisure and insurance—carry welfare costs that are multiples of the aggregate estimate.

2. The distribution of welfare losses across categories is highly uneven. Rigid, necessity-

like categories (housing, utilities, basic food) contribute little to welfare costs from

14~ = 2 is widely used in quantitative work (e.g. Blundell and Stoker, 1999; Carroll and Samwick, 1997).
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Table 4: Category-Specific Risk Exposure (\g)

Category b obi— i A (%)
Leisure 0.480 0.00741 0.370
Insurance 0.432 0.00599 0.299
Transport 0.318 0.00325 0.162
Personal care 0.311 0.00311 0.156
Donations 0.268 0.00231 0.115
Holiday 0.263 0.00223 0.112
Daycare -0.256 0.00211 0.106
Total consumption 0.251 0.00203 0.101
Cleaning 0.224 0.00161 0.080
Medical care 0.197 0.00125 0.062
Schooling 0.185 0.00110 0.055
Debt payments -0.184 0.00108 0.054
Food away from home 0.141 0.00064 0.032
Rent 0.072 0.00017 0.008
Clothing 0.022 0.00002 0.001
Utilities 0.013 0.00001 0.000
Food at home 0.008 0.00000 0.000
Mortgage -0.002 0.00000 0.000

Notes: Computations use the category-specific loadings ¢ from Table 3. A\ is expressed as a percentage of
deterministic consumption in category k.

income risk, whereas discretionary and quality-intensive categories (leisure, holidays,
personal services) bear a disproportionate share of the adjustment. These categories

effectively act as “shock absorbers” in the household budget.

This heterogeneity is important for welfare analysis. It implies that policies aimed at stabi-
lizing disposable income or insuring specific expenditure risks (e.g. health, childcare, unem-

ployment) may have effects that are highly non-uniform across the consumption basket.

Size of Welfare Costs

Our baseline CEV for permanent income risk—about 0.10 percent of consumption for the
one-good case, and at most 0.37 percent across categories in the multi-good model—is small
relative to the welfare costs typically found in calibrated heterogeneous-agent models. For
example, Storesletten et al. (2004) estimate welfare losses from incomplete markets between
1 and 3 percent of lifetime consumption, while Krebs (2007) reports welfare costs of roughly

1 percent for plausible calibrations of permanent productivity shocks.
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Our relatively modest numbers are consistent with the lower income risk documented
for the Netherlands in Section 5.1. At the same time, the multi-good perspective shows
that even small aggregate welfare costs can conceal sizeable losses in specific categories that
play a central role in household well-being (such as leisure and insurance), underscoring
the importance of modeling the full consumption basket rather than a single nondurable

aggregate.

6 A Multi-Good Environment with Good-Specific Pref-

erences and Frictions

To give a more structural meaning to our empirical findings, we embed the estimated
category-level responses to permanent income shocks into a parsimonious multi-good en-
vironment. We allow this environment to have good-specific preferences—in particular the
necessity of the good—and frictions—in terms of adjustment costs. In this way, we take a
more formal approach in identifying goods that households want to adjust versus goods that
households can adjust.

We assume the following multi-good environment. Households derive period utility from

a CES aggregate of category-level consumptions {cgs }5_,,

Ctlify K 1 o=l =
Ut = s Ct = Z 015 tho s (25)
k=1

L—x

where 7 is the coefficient of relative risk aversion, o is the intratemporal elasticity of sub-
stitution across categories, and 6, > 0 is a category-specific “luxury” parameter. A higher
0, raises the marginal utility weight of good k£ and, holding budget shares fixed, makes that
category more income-elastic in the sense of Chetty and Szeidl (2007).'?

On the dynamic margin, we allow for convex adjustment costs in the growth rate of each

category,
K

A=Y % (Alog ), (26)

k=1
where k; > 0 indexes the tightness of contracts, habits, or other frictions that make category
k difficult to adjust in response to shocks. In the absence of adjustment costs (k, = 0), first-
order conditions for intertemporal optimization yield category-level responses to a permanent

income shock that are governed by preferences alone; with x; > 0, the optimal response of

5Equation (25) is a Stone-Geary-type CES aggregator once we reinterpret 6, as capturing both taste
heterogeneity and necessity-versus-luxury differences across goods.
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Alog ¢y, is attenuated. In a log-linear approximation around the steady state, the loading

of category k on a permanent income shock can be written schematically as

~ ék(ﬁ,a)

Ok X 1+ o2k

(27)
where ¢ (0, o) is the frictionless (static) response implied by the CES aggregator and vyo?ky
summarizes the dynamic friction. A derivation is provided in Appendix D. This expression
clarifies the economic roles of our two key parameters: 6, tells us where households want to
adjust in response to permanent income shocks (the frictionless margin), while xj tells us

where they are able to adjust given contractual and other adjustment frictions.

Calibration of 6, and k,. We calibrate the luxury parameters 6, and adjustment-cost
parameters ki to match (i) observed budget shares s; from our descriptive statistics, and
(ii) the estimated pass-through coefficients ¢y from Table 3. With ¢ = 0.5 and v = 2,6 the
frictionless income elasticity of category k with respect to a permanent income shock is

dlogey, 0,77V

Efricless 0 —
k ( k> J) 610th Zj 9;/0050—1)/0’

it

which, evaluated at the steady-state budget shares s, = prcgi/Y:, implies a one-to-one map-
ping between (6, 0) and (Eices s;).
Using our estimate for total consumption, ¢ = 0.251, we define the relative exposure

of category k to permanent income innovations as

(btotal

This object is an empirical reallocation statistic: it measures how strongly category k re-
sponds to a permanent income shock relative to total consumption, and it summarizes where
adjustment takes place in the observed expenditure composition.

For a given intratemporal elasticity o, we choose {0} to match the observed cross-good
allocation pattern summarized by (sg, E)) in a frictionless benchmark. We interpret the
resulting 0y as a reduced-form index of desired adjustment across goods (“where households

want to adjust”), rather than as a uniquely identified deep preference parameter.

16We follow much of the empirical consumption literature in setting v = 2, a value widely considered in
quantitative work (e.g. Blundell and Stoker, 1999; Carroll and Samwick, 1997). Our benchmark calibration
o = 0.5 lies well within the range of empirical estimates for nondurable consumption (e.g. Aguiar and Hurst,
2013)., which typically fall between 0 and 1 (e.g. Selvanathan et al., 2025).
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This calibration exercise is meant to provide an economically interpretable decomposition
of the estimated pass-through coefficients ¢y into a preference-driven component (captured
by 6;) and an attenuation component (captured by ky); it is not required for the identification
of {¢x, Yx} in Section 2.

Dynamic adjustment costs are summarized by a calibrated rigidity index xj that captures
how strongly the observed pass-through ¢; is attenuated relative to a benchmark desired
response implied by preferences. Under the log-linear approximation in Equation (27), we
interpret &k(Q, o) as the frictionless benchmark response implied by the calibrated preference

index 6, for a given 0. We interpret x; as a descriptive measure of adjustment frictions.

We calibrate 3
1 gbk(g, O')
R = D) ( ¢k — 1 y (28)

which we use as a descriptive index of adjustment frictions for categories with ¢, > 0.17

Intuitively, k; is decreasing in ¢j: categories that move strongly with permanent income
shocks must have low adjustment frictions, while categories that barely move require large
ki to reconcile their muted response with a non-trivial frictionless elasticity.

Table 5 summarizes the calibrated (0, ki) for o = 0.5 and v = 2.

Where households want and are able to adjust. Figure 1 plots the calibrated (0, )
pairs for all categories with ¢, > 0. The horizontal axis measures the luxury parameter 6y,
while the vertical axis (on a log scale) measures the adjustment cost ry.

Two patterns are striking. First, goods such as food at home, utilities, and clothing clus-
ter in the region with very low 6, and very high k;, indicating that these categories are both
necessity-like in preferences and subject to substantial adjustment frictions, consistent with
contractual arrangements and subsistence needs. Second, leisure, insurance, and transport
lie in the opposite region, with high luxury parameters and low adjustment costs. These
are precisely the categories in which we observe the largest ¢, in the data: households both

want to adjust these goods when permanent income changes and are able to do so.

The role of insurances. Our calibration places insurance expenditures in a distinctive po-
sition within household consumption dynamics. First, insurance displays the highest luxury
parameter ¢, among all categories, implying that in the frictionless benchmark households
desire to adjust insurance spending strongly in response to permanent income innovations.

This is consistent with the idea that perceptions of background risk, precautionary motives,

1"For categories with ¢, < 0 the linear approximation in (27) is less informative; we treat these as having
effectively infinite adjustment costs in the calibration.
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Table 5: Calibration of Luxury and Adjustment Parameters by Category

Category Budget share s;, O Er = ¢/ brotar  Luxury 6, Adj. cost kg
Mortgage 0.170 -0.002 -0.008 0.023 00
Rent 0.113 0.072 0.286 0.027 25.822
Utilities 0.128 0.013 0.050 0.019 156.558
Transport 0.068 0.318 1.266 0.115 4.293
Insurance 0.139 0.432 1.718 0.585 2.635
Debt payments 0.012 -0.184 -0.731 0.000 00
Cleaning 0.024 0.224 0.890 0.020 6.945
Food at home 0.197 0.008 0.030 0.028 261.390
Daycare 0.008 -0.256 -1.021 0.000 00
Holiday 0.046 0.263 1.049 0.051 5.591
Food away from home 0.023 0.141 0.561 0.009 12.185
Clothing 0.039 0.022 0.088 0.006 88.824
Personal care 0.009 0.311 1.239 0.015 4.426
Medical care 0.030 0.197 0.785 0.020 8.147
Schooling 0.003 0.185 0.737 0.002 8.811
Leisure 0.016 0.480 1.912 0.099 2.165
Donations 0.026 0.268 1.067 0.029 5.461

Notes: Budget shares s; are from the descriptive statistics in Table 1. The pass-through coefficients ¢y, are
from Table 3. Ey = ¢i/drotal USES Protal = 0.251. Luxury parameters 6, are inverted from the CES demand
system with o = 0.5. Adjustment-cost parameters xj, are calibrated from equation (28) with v = 2 and

o =0.5.

and financial slack co-move with long-run income. Second, insurance also exhibits one of
the lowest adjustment-cost parameters x, indicating that households can adjust insurance
outlays more flexibly than contractual or necessity goods. The combination of a high desired
sensitivity (6x) and low friction (ki) produces the large permanent-shock loading we esti-
mate in the data. Third, the negative loading on transitory shocks suggests an intertemporal
substitution mechanism: when short-run disposable resources tighten, households temporar-
ily reduce insurance premia, even though long-run preferences favor maintaining coverage.
Taken together, these patterns identify insurance as a central margin of adjustment. Because
insurance products directly intermediate financial risk, heterogeneity in insurance respon-
siveness has first-order implications for welfare losses from income volatility and for the

design of policies that subsidize, mandate, or otherwise influence insurance participation.
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Figure 1: Luxury Parameters and Adjustment Costs by Category

Notes: Categories in the upper-left quadrant (high ky, low ;) are “hard-to-adjust necessities” (e.g. food at
home, utilities), while those in the lower-right quadrant (high 0y, low k) are “easy-to-adjust luxuries” (e.g.
leisure, insurance, transport).

7 Implications of Frictions for Macro Volatility

Understanding aggregate consumption volatility requires distinguishing between what house-
holds want to adjust and what they are able to adjust. Preferences determine the desired
reallocation of spending in response to income shocks, but adjustment frictions determine
how much of this reallocation can occur in the short run. Because business-cycle fluctuations
depend primarily on realized rather than desired adjustment, macro consumption dynamics
are governed more by expenditure rigidities than by preference elasticities. The separation
between these forces provided by our calibration in Section 6 offers direct empirical discipline

for the consumption frictions that shape aggregate shock propagation.
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7.1 Aggregation and macro volatility

The key mapping is the log-linear approximation

ng (97 o
e ( 2) : (29)
+ YO°Ky
where ggk(ﬁ, o) denotes the frictionless benchmark response implied by intratemporal prefer-
ences and yo?kj, summarizes dynamic adjustment frictions. In the empirical estimates, ¢,
measures the loading of category-k consumption growth on permanent income innovations.
Let total consumption be approximated by a budget-share weighted aggregate of category
logs,
K
Alog Oy ~ Z s Alog ¢y, (30)
k=1
where s denotes the steady-state budget share. Combining (30) with the category-level

pass-through coefficients implies an aggregate loading on permanent income shocks,

K

59 = 3 sy (31)

k=1

Under the permanent—transitory income process estimated in Section 5, the contribution of

permanent income innovations to aggregate consumption-growth volatility is

Var(Alog Cy | n) = (¢%99)* o2 (32)

n

7.2 Frictionless counterfactual

We quantify the macro role of adjustment frictions by computing a frictionless benchmark
in which categories can adjust without dynamic costs (ky = 0 for all k). Using (29), the

implied frictionless category response is

b = o (1+70%ky) | (33)

for categories with ¢, > 0 in the calibration. The frictionless aggregate loading is then

K

¢ = sidn (34)

k=1

agg

and frictionless macro volatility follows from (32) with ¢ replaced by ¢ Free:
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Table 6 reports the implied aggregate loading and the corresponding variance contribution
from permanent shocks under (i) the observed multi-good economy and (ii) the frictionless
counterfactual. The comparison isolates the aggregate importance of adjustment frictions:
even when preferences imply substantial desired reallocation across goods, large k; values
can strongly attenuate realized responses and thereby reduce the macro transmission of

permanent income risk into consumption growth.

Table 6: Macro volatility counterfactuals

Measure ¢ Var(Alog C'| n) Std. dev. Rel. var.
Aggregate (observed, ¢99) 0.134 0.00057 0.0240 1.00
Aggregate (frictionless, ¢p > 0)  0.876 0.02454 0.1567 42.75
Aggregate (frictionless, ¢, € R) 0.871 0.02429 0.1558  42.30
Total consumption (q@total) 0.251 0.00202 0.0449 3.51
Food-at-home ($g0q) 0.008  0.000002 0.0014  0.004

Notes: The table reports the implied loading of aggregate consumption growth on permanent income
shocks (¢) and the resulting contribution of permanent shocks to aggregate volatility,
Var(Alog C | n) ~ qb2a,27, using 0% = 0.032. The frictionless counterfactual sets ; = 0 in equation (27) and

uses the recovered benchmark responses QNSk The final two rows show common single-series proxies used in
the literature. Std. dev. =/ Var(Alog C | n). Relative variance is normalized to the observed multi-good
aggregate.

Table 6 quantifies how the separation between desired adjustment (preferences) and real-
ized adjustment (frictions) shapes the transmission of permanent income risk into aggregate
consumption dynamics. Each row corresponds to a different measurement or counterfactual
of the aggregate pass-through coefficient ¢*%¢ defined in (31). Var(AlogC' | n) measures the
variance of aggregate consumption growth attributable solely to permanent income shocks,

given the estimated or counterfactual pass-through coefficients.

Observed multi-good economy. The first row aggregates the empirically estimated
category-level responses using observed budget shares. This is the data-consistent bench-
mark. The implied loading of aggregate consumption growth on permanent income shocks
is ™99 = (.13, implying that only a small fraction of permanent income innovations is trans-
mitted to contemporaneous aggregate consumption growth. In other words, even though
some individual categories adjust strongly, aggregate consumption appears smooth because

a large share of expenditures is concentrated in categories that respond weakly.

Frictionless counterfactual. The second and third rows remove adjustment frictions by
setting k; = 0, thereby allowing each category to adjust according to its desired (preference-

driven) response gz~5k In this scenario the aggregate loading rises dramatically to qb;if,ze ~ (.87,
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and the contribution of permanent income shocks to aggregate consumption-growth variance
increases by roughly a factor of forty.

This large gap reveals that most of the observed smoothness of aggregate consumption
does not reflect weak substitution or small income effects. Instead, it reflects adjustment fric-
tions: households would like to reallocate spending strongly across categories after perma-
nent income changes, but are unable to do so quickly for many goods. Durable commitments
(housing, utilities, insurance, schooling) and other sticky expenditures dampen short-run ad-
justment, muting the aggregate response. Hence, aggregate smoothness is driven primarily
by frictions rather than preferences.

From a macroeconomic perspective, this distinction is critical. Standard representative-
agent or heterogeneous-agent models typically rationalize smooth consumption paths us-
ing strong habits or low intertemporal elasticities. The counterfactual shows that similar
smoothness can instead arise from adjustment costs that impede reallocation across goods.

Our estimates therefore provide micro-founded discipline for the size of such frictions.

Single-good measures of total spending and food spending. The final two rows
illustrate the consequences of relying on commonly used single-series measures. Using total
consumption alone implies substantially different exposure, while using food expenditures—
a standard proxy in the literature—implies almost no exposure to permanent income risk.
Food spending is necessity-like and highly inflexible, so its pass-through coefficient is close to
zero. Calibrating macro models on this component alone would therefore severely understate
both the true responsiveness of household spending and the role of reallocation margins in

aggregate dynamics.

8 Conclusion

This paper extends the permanent-transitory income framework of Blundell et al. (2008) by
embedding disaggregated household expenditures into a multi-good environment that links
micro spending decisions to aggregate consumption dynamics. Rather than treating con-
sumption as a single composite good, we estimate how permanent and transitory income
shocks propagate through each component of the household budget and use this informa-
tion to separate desired reallocation (preferences) from realized adjustment (frictions). This
distinction provides a structural interpretation of consumption smoothing and delivers em-
pirically grounded measures of the adjustment costs that shape aggregate risk transmission.

Using unique longitudinal expenditure data, we estimate category-specific loadings of con-
sumption on income shocks together with the dispersion of preference shocks across goods.

This multi-good approach yields insights that are not available in the one-good representa-
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tions that dominate the empirical literature (e.g. Stephens, 2004; Aguiar and Hurst, 2005;
Ziliak, 1998; Hendren, 2017) and provides a sharper lens on household risk exposure, welfare,
and macroeconomic adjustment.

Three substantive findings emerge. First, income risk is considerably smaller than that
typically estimated for the United States. The variance of permanent shocks and the variance
of transitory shocks are both roughly half of U.S. benchmarks (e.g. Meghir and Pistaferri,
2004; Guvenen et al., 2014; Blundell et al., 2016). This pattern is consistent with insti-
tutional features such as the generosity and coverage of Dutch social insurance programs
and complements recent administrative evidence on cross-country heterogeneity in income
dynamics (Guvenen et al., 2021).

Second, we document pronounced heterogeneity in how spending categories respond to
permanent income shocks. Contractual and necessity goods—such as housing, utilities, and
food at home—are largely unresponsive, while discretionary categories—especially leisure,
insurance, personal care, donations, and transport—adjust strongly. These patterns pro-
vide structural evidence for the within-period substitution emphasized by Chetty and Szeidl
(2007) and underscore the limitations of studies that proxy total consumption with a sin-
gle subcomponent, most notably food expenditures (Stephens, 2004; Aguiar and Hurst,
2005; Hendren, 2017). Calibrations based on food alone substantially understate permanent-
income sensitivity and therefore mismeasure risk exposure and welfare costs.

Third, translating category-level responses into welfare reveals substantial dispersion
across goods. Although the aggregate consumption-equivalent cost of income risk is modest,
several discretionary categories generate welfare losses multiple times larger, while necessity
goods contribute little. Crucially, the categories that account for most welfare variation
are precisely those with both high desired responsiveness and low adjustment frictions—an
interaction that cannot be captured in one-good models.

Beyond these micro and welfare implications, the results have direct macroeconomic con-
sequences. We show that much of the observed smoothness of aggregate consumption reflects
expenditure rigidities rather than weak preferences. Removing adjustment frictions would
dramatically increase the transmission of permanent income shocks and raise aggregate con-
sumption volatility by more than an order of magnitude. Hence, parameters that summarize
adjustment costs—not preference elasticities alone—govern short-run consumption dynamics
and business-cycle propagation. The category-level estimates in this paper therefore provide
micro-founded discipline for the consumption frictions that are typically calibrated ad hoc
in heterogeneous-agent and business-cycle models.

Taken together, our findings demonstrate that disaggregated consumption data are es-

sential for accurately measuring income risk, welfare losses, and aggregate consumption
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volatility. By structurally integrating consumption composition into the income-dynamics
framework, we provide a tractable bridge between household-level behavior and macro fluc-
tuations. This approach opens the door to a new class of empirical and quantitative models
in which income risk, expenditure rigidities, and aggregate dynamics are studied jointly

rather than through a single composite consumption index.
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Appendix A: Income regression

Table 7: Determinants of Log (Net) Household Income (p/m).

Variable Coefficient Std. Error 95% CI
Age group (ref: age group 2)

Age 3 0.009 0.014 [-0.017; 0.036]
Age 4 0.015 0.013 [-0.012; 0.041]
Age 5 0.039%* 0.013 [0.013; 0.064]
Age 6 0.061*** 0.013 [0.0365 0.087]
Age 7 0.102%** 0.013 [0.077; 0.127]
Age 8 0.103*** 0.013 [0.079; 0.128]
Age 9 0.063%** 0.019 [0.026; 0.100]
Age 10 -0.025 0.082 [-0.185; 0.136]
Age 11 0.282 0.240 [-0.187; 0.752]
Age 14 0.386%* 0.208 [-0.021; 0.793]
Year (ref: 2009)

2010 -0.043%*** 0.012 [-0.067; -0.019]
2012 -0.104%** 0.013 [-0.128; -0.079]
2015 -0.187*** 0.012 [-0.211; -0.163]
2017 -0.164%** 0.013 [-0.189; -0.138]
2019 -0.179%** 0.014 [-0.206; -0.152]
2020 -0.174%%* 0.013 [-0.201; -0.148]
2021a -0.170%** 0.013 [-0.196; -0.144]
2021b -0.178%%* 0.013 [-0.203; -0.152]

Education (ref: primary/none)

VMBO 0.017 0.017 [-0.017; 0.050]
HAVO/VWO 0.187*** 0.019 [0.151; 0.223]
MBO 0.108*** 0.016 [0.076; 0.140]
HBO 0.296*** 0.016 [0.264; 0.328]
WO 0.415%** 0.017 [0.381; 0.449]
Household characteristics

Household size 0.494%** 0.010 [0.474; 0.513]
Female (1=yes) -0.040%** 0.007 [-0.053; -0.028]

Partner status (ref: mo partner)

Partner, cohabiting 0.189%*** 0.038 [0.115; 0.263]
Partner, non-cohabiting 0.088** 0.038 [0.014; 0.163]
Single, no steady partner 0.041 0.037 [-0.033; 0.114]
Children

Number of children -0.449%** 0.011 [-0.471; -0.428]
Constant

Constant 2.199%** 0.043 [2.114; 2.284]
Observations 17,209

R-squared 0.443

Root MSE 0.414

Notes: Robust standard errors in parentheses.
* p<0.10, ** p<0.05, *** p<0.01.
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Appendix B: Consumption regression

Table 8: Determinants of Log Total Consumption (p/m).

Variable Coefficient Std. Error 95% CI
Age group (ref: age group 2)

Age 3 0.368*** 0.022 [0.325; 0.412]
Age 4 0.400%*** 0.022 [0.357; 0.444]
Age 5 0.410%** 0.022 [0.367; 0.453]
Age 6 0.373%%* 0.022 [0.331; 0.415]
Age 7 0.359*** 0.021 [0.317; 0.400]
Age 8 0.337*** 0.021 [0.296; 0.377]
Age 9 0.326*** 0.031 [0.265; 0.388]
Age 10 0.256* 0.133 [-0.005; 0.517]
Age 11 0.485 0.381 [-0.262; 1.232]
Age 14 -1.246%** 0.331 [-1.894; -0.598]

Year (ref: 2009)

2010 -0.012 0.021 [-0.052; 0.028]
2012 -0.052%* 0.021 [-0.093; -0.011]
2015 -0.127%%* 0.020 [-0.166; -0.087]
2017 -0.170%%* 0.021 [-0.211; -0.128]
2019 -0.156%%* 0.023 [-0.201; -0.111]
2020 -0.258%%* 0.022 [-0.302; -0.214]
2021a, -0.190%%* 0.022 [-0.233; -0.146]
2021b -0.188%%* 0.022 [-0.232; -0.145]

Education (ref: primary/none)

VMBO 0.190%%* 0.029 [0.134; 0.247]
HAVO/VWO 0.383%*** 0.031 [0.323; 0.444]
MBO 0.347*%* 0.027 [0.293; 0.401]
HBO 0.539%** 0.027 [0.485; 0.592]
WO 0.630%*** 0.029 [0.573; 0.687]
Household members -0.022 0.016 [-0.054; 0.010]
Female -0.023%* 0.011 [-0.044; -0.002]

Partner status (ref: no partner)

Partner, cohabiting 1.923%** 0.250 [1.434; 2.412]
Partner, not cohabiting 1.650%** 0.250 [1.160; 2.140]
Single (no steady partner) 1.560%** 0.250 [1.071; 2.050]
Children in household 0.032* 0.018 [-0.003; 0.068]
Constant 0.524** 0.253 [0.029; 1.020]
Observations 15,873
R-squared 0.163
Root MSE 0.659

Notes: Robust standard errors in parentheses.
* p<0.10, ** p<0.05, *** p<0.01.

Appendix C: Robustness

Table Al: Estimated Income Shock Parameters (Gross Income)

Estimate Standard Error
0.0369*** 0.0025
0.0181*** 0.0011

Permanent income variance o

RN

Transitory income variance o

Notes: Estimates are based on gross household income. Asterisks denote significance at the 10% (*), 5%
(**), and 1% (***) levels.
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Table A2: Category-Level Responses to Permanent and Transitory Income Shocks (Gross
Income)

Category P SE(é%) P SE(yx)  0f,  SE(d7,)
Total consumption 0.243***  0.052 0.089 0.177  0.382***  0.015
Mortgage 0.009 0.030 0.166 0.123  0.138%** 0.008
Rent 0.099 0.065 -0.033 0.163  0.151%** 0.020
Utilities 0.016 0.044 0.122 0.130  0.228%** 0.006
Transport 0.298*%**  0.061 -0.129 0.215  0.676%** 0.013
Insurance 0.337***  0.057 -0.373** 0.175  0.636***  0.012
Debt payments -0.255%*F*%  0.082 0.249 0.227  0.439%**  0.021
Cleaning 0.198%* 0.078 0.243 0.303  1.000%** 0.018
Food at home -0.044 0.046 0.219 0.236  0.428*** 0.011
Food away from home 0.064 0.060 0.272 0.251  0.863***  0.016
Clothing 0.065 0.058 0.125 0.170  0.697*** 0.014
Personal care 0.365%** 0.089 -0.069 0.319  0.733*** 0.019
Medical care 0.270%* 0.108 -0.120 0.376  1.576%** 0.025
Daycare -0.067 0.130 -0.209 0.602  0.651%** 0.036
Holiday 0.366%** 0.097 0.090 0.335  0.897*** 0.021
Schooling 0.338%**  0.100 -0.527 0.497  1.418%** 0.039
Leisure 0.484%** 0.103 0.363 0.339  0.889*** 0.021
Donations 0.342*%F*  0.075 0.213 0.304  0.840***  0.015

Notes: Estimates are based on gross household income. Asterisks denote significance at the 10% (*), 5%
(**), and 1% (***) levels. Permanent shock loading = ¢y, transitory shock loading = 1, taste-shifter
variance = o7 .

Table A3: Estimated Income Shock Parameters (Ages 25-85)

Estimate SE
0.0338*%**  0.0023
0.0115*%** 0.0007

Permanent income variance o
Transitory income variance o

RECHY

Notes: Asterisks denote significance at the 10% (*), 5% (**), and 1% (***) levels.

Appendix D: Deriving Log-Linear Approximation

This appendix provides a transparent derivation of the mapping that links the pass-through
of permanent income shocks into category-level consumption growth to (i) intratemporal

preferences and (ii) convex adjustment frictions.
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Table A4: Category-Level Responses to Income Shocks (Ages 25-85)

Category Pk SE(¢%) U SE(¢k) o¢ SE

Total consumption 0.184***  0.034 -0.100 0.151  0.346*** 0.009
Mortgage 0.035 0.030 -0.033 0.199  0.189*** (0.008
Rent 0.015 0.031 -0.028 0.097  0.095*** 0.011
Utilities 0.026 0.026 0.035 0.114  0.224*%** 0.004
Transport 0.262***  0.047 0.151 0.234  0.718*** 0.009
Insurance 0.226%**  0.041  -0.434*** 0.164  0.656*** 0.009
Debt payments -0.215%*%*  0.074 0.090 0.206  0.426*%** 0.017
Cleaning 0.160*** 0.059 0.106 0.260  1.000*** 0.018
Food at home -0.048 0.041 0.145 0.216  0.431*%** 0.009
Food away from home 0.049 0.053 0.245 0.235  0.862*** 0.014
Clothing 0.024 0.047 0.091 0.139  0.693*** 0.012
Personal care 0.273*%**  0.070 -0.127 0.295  0.732*** 0.016
Medical care 0.212%%* 0.082 0.080 0.339  1.572*%** 0.020
Daycare -0.193* 0.112 0.054 0.526  0.669*** 0.034
Holiday 0.298*** 0.082 0.020 0.287  0.896*** 0.018
Schooling 0.239%** 0.087 -0.289 0.433  1.415%%* 0.034
Leisure 0.436*** 0.095 0.224 0.309  0.891*** (0.018
Donations 0.297*%* 0.063 0.127 0.273  0.838*** (0.013

Notes: Asterisks denote significance at the 10% (*), 5% (**), and 1% (***) levels. Permanent shock
loading = ¢y, transitory shock loading = ), taste—shifter variance = J?,k'

Setup
Let the within-period aggregator be CES,
c/(c—1)

K
C, = (Z 05”055‘”“) , (35)
k=1

and period utility be CRRA over the composite:

1—y
_ Ct

(36)

Assume households face a permanent income innovation 7, that shifts the lifetime budget

set. We model a reduced-form friction that makes rapid reallocation in category k costly:

K

Ay = Z % (Alog th)2 . (37)
k=1
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The household chooses {cx: }5_; to maximize expected discounted utility net of adjustment

costs,

max [ Z Ik

{one} >0

&
1t_ — Z Rk (Alog ckt)2] s.t. the budget constraint. (38)
-

Frictionless intratemporal response

Absent adjustment costs (k; = 0), the intratemporal FOCs imply the standard CES demand

system:
Gt (@) (ZE) - (39)
Cit 0; Pjt ’

so that (holding relative prices fixed) a change in total expenditure on the composite maps

into a category-specific change:

Alog ¢y & &k(ﬁ, o) N, (40)

where ¢ (0, o) summarizes the frictionless exposure of good k to a permanent income inno-

vation through the CES expenditure shares.

Log-linearized Euler condition with adjustment costs

With kg > 0, the marginal condition for changing log ¢;; includes the adjustment-cost term.
A second-order Taylor expansion of the objective around a steady state with small changes

in Alog ¢y yields a local quadratic problem in Alog cg:

Alog ¢yt
benefit from adjusting

b
max apn Alogey — Ek (A log th)2 - % (A log th)2 ) (41)
%/_/ , ,

(.

Vv Vv
curvature from CRRA  adjustment friction

where b, scales with risk aversion and the intratemporal curvature induced by the CES ag-
gregator. Under the CES-CRRA structure, the relevant local curvature term is proportional
to yo? (the same object that governs how costly reallocation is in utility units).

The first-order condition gives:

Qg
br + kg

apny — (b + kp)Aloge, =0 = Alogey = . (42)
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Mapping to the empirical pass-through coefficient

Let the frictionless response be q@k = ay/b. Then the frictional response is:

O

¢k: 1—|—/’ik/bk.

(43)
Under CES-CRRA, the local curvature term satisfies by, oc yo?, so writing by = vo? (nor-

malization) yields:

o1, ~ &k(a U)

N ——— 44
1+’}/0'2I£k’ ( )

which corresponds to Equation (25) in the main text. This mapping should be interpreted as
a log-linear approximation around the steady state, intended to separate desired adjustment

(preferences, ¢y) from feasible adjustment (frictions, ky).
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