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Abstract

Conventional economic theory predicts that consumption is smoother and less dis-
persed than income, and that consumption inequality increases in downturns. Using
electronic transactions data linked to administrative income records for the universe
of Norwegian households, we document the opposite. Consumption is more un-
equally distributed than income across households, more volatile than income within
households, and both income and consumption inequality are procyclical. Excess
consumption dispersion primarily reflects idiosyncratic expenditure shocks rather
than income risk or life-cycle heterogeneity. Procyclical inequality is driven by
greater cyclicality in the upper tails of the distributions. Our findings call for a re-
assessment of precautionary-saving motives.
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1 INTRODUCTION

Standard macroeconomic theory assumes that households adjust their savings to make
consumption smoother than income. Friedman’s (1957) permanent income hypothesis,
for example, posits that consumption decisions are guided by expected lifetime resources
rather than by current income, implying that temporary income shocks have little effect
on spending. Modern household finance and intertemporal macroeconomics build on this
principle. One natural implication is that household-level consumption should be less
volatile and dispersed than household-level income. Another is the widely held view that
consumption inequality tends to be countercyclical, as poorer households are less able to
insure against income shocks. Indeed, contemporary macroeconomic models often incor-
porate frictions—such as financial constraints (Kaplan, Moll, and Violante, 2018)—that
are more likely to bind for poorer households. In these models, countercyclical consump-
tion inequality amplifies aggregate shocks and plays an important role in shaping business
cycle dynamics.

Despite its theoretical importance, considerable uncertainty remains regarding both
the level and cyclicality of consumption inequality. A major challenge is data: house-
hold consumption is difficult to measure, and the main sources—surveys and imputation
methods—are prone to significant measurement error. For example, Attanasio and Pista-
ferri (2016) review prominent measures of U.S. consumption inequality and document
wide variation in both their levels and cyclical properties. Moreover, because surveys
are typically repeated cross sections, there is limited evidence on the joint evolution of
income and consumption at the household level—evidence that is essential for under-
standing consumption choices and precautionary saving behavior.

We address these measurement challenges by leveraging unique, high-quality panel
data on electronic transactions to track household-level consumption in Norway. Our
dataset covers approximately 80% of all electronic payments and bank transfers made by
the universe of Norwegian households from 2006 to 2018. In a predominantly cashless
economy like Norway, these transactions offer an exceptionally accurate and granular
view of both the level and cyclical behavior of consumption, making the data ideal for
tracking consumption inequality over time with limited measurement error. By linking
these transactions data to administrative income and tax records from the Norwegian Tax
Authority, we are able to analyze the joint dynamics of consumption and income inequal-
ity across the entire population.

We use these data to document that consumption inequality in Norway does not be-
have as conventional wisdom would imply. Our first key—and somewhat unexpected—
finding is that consumption inequality at annual frequency is substantially larger than
disposable income inequality. This result holds even if we purge away between-group
inequality due to life-cycle trends and demographic characteristics, and if we control
for time-invariant between-household differences, for example arising from potentially
unobserved but permanent differences in productivity or wealth. A second result fol-
lows: within-household consumption volatility exceeds that of within-household income
volatility. Our analysis indicates that the two observations are closely related, as within-
household consumption volatility accounts for a sizable share of the cross-sectional con-
sumption differences in our data. The excess dispersion and volatility in household con-
sumption are only in part explained by the lumpy nature of durable good spending. In



fact, the results are confirmed across different consumption categories, different demo-
graphic groups among households, and different datasets for consumption expenditures.
Furthermore, we show that our results do not violate lifetime budget constraints, as con-
sumption inequality converges toward disposable income inequality when measured over
longer horizons (multiple years).

What can explain these empirical findings? We document that transitory expenditure
shocks play a major role in household consumption dynamics. These shocks may stem
from unanticipated cost disturbances, shifts in preferences, or windfall changes in wealth.
Examples include unexpected medical expenses, car repairs, funeral costs, an expensive
holiday, the arrival of a newborn child, kitchen renovations, or wedding expenses. Im-
portantly, in all of these cases, income remains relatively unchanged while consumption
fluctuates. We argue that excess consumption volatility and household-level consump-
tion smoothing can coexist only if households experience large expenditure shocks that
are orthogonal to income. Put differently, household consumption dynamics are shaped
not only by income shocks—which induce smoothing behavior—but also by transitory
expenditure shocks that generate substantial fluctuations in expenditures independent of
income.

To assess the role of expenditure shocks in data, we estimate a set of models designed
to quantify their contribution after controlling for income. In the spirit of Hall (1978), we
begin with simple regressions projecting household consumption on lagged consumption
and contemporaneous income, as well as various controls for life-cycle trends and demo-
graphic characteristics. We then consider a more structural model linking consumption to
permanent and transitory income shocks, as in Blundell, Pistaferri, and Preston (2008).
Importantly, we also identify a consumption expenditure shock that is orthogonal to in-
come changes. Two results emerge. First, income shocks do transmit to consumption.
However, households partially smooth them out, especially when the income shocks are
transitory. Second and most importantly, after controlling for life-cycle trends, demo-
graphics and macroeconomic factors, expenditure shocks account for roughly 85-90% of
household-level consumption volatility. Because our data are based on actual transaction
records rather than surveys or imputations, we do not believe this finding reflects mea-
surement error, but instead the pervasive role of expenditure shocks. They account for a
major share of the observed dispersion in consumption across households, as well as a
major share of consumption volatility within households.

We next turn to the cyclical properties of income and consumption inequality. The
conventional view is that economic inequality tends to be countercyclical—inequality
rises during downturns and falls during booms—mainly because households in the left
tails of the distributions are less able to insure themselves against adverse macroeconomic
events. Our analysis challenges this view, as we find that both disposable income and con-
sumption inequality move procyclically in our data. These results are documented in two
ways: first, we use Bayesian time series techniques to estimate a structural vector autore-
gressive (SVAR) model. This exercise allows us to quantify how inequality responds to
a main business cycle shock, following the identification strategy in Angeletos, Collard,
and Dellas (2020). Interestingly, we find that procyclical inequality largely arises due
to excess sensitivity in the upper tails: following a contractionary business cycle shock,
both consumption and income drop significantly among households located at the 90-
percentiles and above, while households below the median of both distributions are rela-



tively unaffected. The second way we investigate the cyclicality of inequality is by means
of an event study of the Great Recession. Following Guvenen, Ozkan, and Song (2014),
we employ a difference-in-differences approach and calculate heterogeneous household
exposures across the respective distributions. However, while their analysis is limited to
male earnings, we instead consider household-level labor income, market income (defined
as the sum of labor income and net capital income), disposable income, and consumption.
This exercise not only confirms our SVAR results but adds further granularity: earnings
inequality was relatively unaffected during the Great Recession, as labor earnings fell by
similar amounts for most households except those at the very top (where bonuses likely
played a major role). In contrast, both consumption and disposable income inequality
declined, reflecting disproportionately large adjustments among households in the upper
tail. Interestingly, the pronounced cyclicality of consumption at the top emerges as a
broader empirical regularity. Event studies using survey data across several countries find
similarly strong spending responses among high-income or high-consumption households
(Parker and Vissing-Jgrgensen, 2010; Attanasio and Pistaferri, 2014; Guntin, Ottonello,
and Perez, 2023). Our contribution is to show that this pattern holds in administrative,
transaction-based data and plays a central role in shaping the procyclicality of consump-
tion inequality. Overall, these findings highlight how economic environments and policies
can effectively shield households in the lower part of the distribution from adverse shocks,
thereby making both income and consumption inequality procyclical.

The empirical results presented in this paper have several implications for macroeco-
nomic theory and policy making. First, they challenge the perceived wisdom that house-
holds’ consumption volatility is driven primarily by income volatility, either in the form
of innovations to permanent income as in the Friedman (1957) tradition, or from shocks
to current income as in the Keynesian tradition. Similarly, income risk typically plays a
key role for precautionary savings behavior in modern equilibrium models with hetero-
geneous agents (Kaplan et al., 2018, Auclert, 2019, Bayer, Born, and Luetticke, 2024,
Debortoli and Gali, 2024). Our results, instead, point to a major role for idiosyncratic
expenditure shocks that are orthogonal to income, implying a disconnect between in-
come and consumption in data. Thus, fundamental consumption risk may represent a
separate but key motivation for precautionary savings and insurance. Second, our re-
sults highlight an empirical disconnect between the sources of microeconomic risk and
macroeconomic volatility. The reason is that the key drivers of household risk—such
as expenditure shocks—appear idiosyncratic and largely average out when aggregated
across households and over time. Likewise, aggregate business cycle shocks only account
for a minor share of households’ consumption allocations. Thus, drivers of aggregate,
distributional summary measures such as the 90-10 percentile ratio matter far less for
the individuals populating these distributions. Third, despite the apparent micro-macro
disconnect, we still argue that macroeconomic stabilization policy can play an important
role. In fact, targeted insurance mechanisms provided by government policies may, if suc-
cessful, cause the disconnect in the first place. This view is supported by our finding that
procyclical inequality arises because of redistribution through taxes and transfers, rather
than from cyclical differences in market income, or from the wage compression policies
emphasized by Mogstad, Salvanes, and Torsvik (2025). In any case, we conclude that
the procyclical nature of income and consumption inequality helps to dampen aggregate
business cycle fluctuations, making them less relevant for most households except those



at the very top. Standard calibrations of heterogeneous agent models are at odds with this
conclusion.

This paper contributes to different strands of the literature on household-level con-
sumption inequality and insurance. First, we complement existing evidence on the cross-
sectional dispersion in income and consumption—much of which relies on survey data
(especially for consumption). We build on the seminal papers of Storesletten, Telmer, and
Yaron (2004), Heathcote, Perri, and Violante (2010) and Guvenen et al. (2014) for the US
and we make progress on the measurement of consumption inequality and volatility. In
this sense, our work connects to a large literature that relies on survey data or imputation
methods to study the level (Krueger and Perri, 2006; Attanasio, Battistin, and Ichimura,
2007; Primiceri and van Rens, 2009; Aguiar and Bils, 2015; Coibion, Gorodnichenko, and
Koustas, 2021; Meyer and Sullivan, 2023) and the cyclicality (Coibion, Gorodnichenko,
Kueng, and Silvia, 2017; De Giorgi and Gambetti, 2017; Chang and Schorfheide, 2024;
Mangiante and Meichtry, 2025) of consumption inequality. As emphasized by Attanasio
and Pistaferri (2016), the lack of broad consensus in this literature likely reflects measure-
ment challenges in the data that have been available.

Second, while ample literature has examined the role of income risk for consumption,
we contribute to an emerging strand focusing on household-level expenditure risk. Al-
though transitory expenditure shocks already appear in the Diamond and Dybvig (1983)
model of banking, their empirical relevance has attracted renewed attention. Fulford and
Low (2024) document that these shocks are at least as large and frequent as income shocks
in US survey data. Miranda-Pinto, Murphy, Walsh, and Young (2025) find similar evi-
dence using the PSID survey and provide a theoretical framework where stochastic con-
sumption thresholds yield large utility costs when violated—thereby making consumption
volatile and disconnected from income. Highlighting the implications for financial vul-
nerability, Briglia (2025) identifies expenditure risk as the leading cause of transitions
into hand-to-mouth status, while Guiso and Jappelli (2024) find that such shocks are ma-
jor drivers of precautionary savings in Italian survey data. Blundell, Borella, Commault,
and De Nardi (2024) study US health shocks while Campbell and Hercowitz (2019) doc-
ument widespread saving in anticipation of major expenditures like home purchases and
college education. We contribute to this literature by quantifying the importance of expen-
diture shocks in large-scale transactions data, where a household panel covering virtually
the entire economy can be tracked over time. Moreover, we demonstrate how macroe-
conomic summary measures of consumption inequality are affected by microeconomic
factors. This connection has not yet been established in the literature.

Third, we contribute to the growing literature surveyed in Baker and Kueng (2022),
which construct measures of individual spending from card transactions or financial ap-
plications data. Of particular interest is the paper of Buda, Hansen, Rodrigo, Carvalho,
Ortiz, and Rodriguez Mora (2023), which builds a measure of aggregate consumption
based on the universe of transactions made by retail clients of a large bank in Spain. They
find a higher level of consumption inequality than in survey data. We do not rely on data
from a single bank but on the universe of transactions within the Norwegian banking sys-
tem. A related paper is also Bilbiie, Galaasen, Gurkaynak, Maehlum, and Molnar (2025),
which examines whether heterogeneity in individuals’ marginal propensities to consume
(MPCs) amplifies the aggregate effects of demand shocks and finds a limited role for such
heterogeneity in Norway.



The rest of the paper is organized as follows: Section 2 describes our household-level
panel dataset. Section 3 documents that consumption inequality is substantially larger
than disposable income inequality in the cross-section of households, and substantially
more volatile within households over time. Section 4 quantifies the importance of ex-
penditure shocks for consumption dynamics at the household level. Section 5 examines
the cyclical properties of our inequality measures using structural vector autoregressions
and event-study methods. Section 6 discusses some of the key implications of our results
while Section 7 concludes.

2 THE DATA

In this section, we describe how the dataset is constructed as well as some of its key
features. We also compare aggregated time series with relevant counterparts from the
national accounts.

2.1 INDIVIDUAL-LEVEL ECONOMIC ACCOUNTS

To measure consumption expenditures, we use a panel dataset with electronic transactions
covering the universe of Norwegian residents over the period 2006-2018. These data are
provided by the Norwegian retail clearing institution Nets Branch Norway. Our consump-
tion data are constructed using two main sources of consumer expenditures: (1) debit card
transactions processed through the BankAxept network, that is, the national payment sys-
tem owned by Norwegian banks; and (2) online bank wire transfers cleared through the
Norwegian Interbank Clearing System (NICS). Individual transactions are at the person-
level and aggregated by the data provider by week and consumer category. A total of 26
distinct consumer categories are available—24 COICOP groups plus wire transfers to the
government and to banks. The groups include broad consumption measures such as food,
housing, water and electricity, purchase of vehicles, various recreation services, personal
care, and financial services. A complete list of the 26 consumer categories is provided in
Table Al in the Appendix. Although credit card transactions are not directly observed,
we infer them by identifying wire transfers made to banking institutions, following the
approach of Ahn, Galaasen, and Maelhum (2024). We cannot, however, disentangle dif-
ferent consumer categories when credit cards have been used. Remaining transfers to
banks are excluded, as they most likely correspond to mortgage payments. Our records
do not include debit-card payments processed by VISA or Mastercard (e.g., online or
international transactions), nor do they include wire transfers settled outside NICS. Nev-
ertheless, Ahn et al. (2024) show that BankAxept and NICS together account for roughly
80% of all household electronic payments from 2006 to 2018 and provide more details
about the electronic transactions data.!

Our data offer substantial advantages over alternative popular consumption measure-
ments, particularly for studying cross-sectional dynamics as we do. Surveys, the primary
source of consumption data, are well known to suffer from measurement error, most no-
tably systematic under-reporting among high-income and high-consumption individuals

I'Since transactions are reported at high frequency, the dataset is routinely used to nowcast aggregate con-
sumption in Norway (Aastveit, Fastbg, Granziera, Paulsen, and Torstensen, 2024).



(Aguiar and Bils, 2015), which biases estimates of consumption inequality downward.
Attanasio, Battistin, and Leicester (2006) document a pronounced decline over time in
the extent to which survey-based consumption data can replicate the patterns observed in
official statistics. In addition, surveys typically follow individuals for only a short period,
often just a single wave, while our data allow us to track their consumption comprehen-
sively, alongside income, wealth, and other covariates (as described below), over many
years. Imputation methods, in turn, define consumption residually as disposable income
minus saving, so that any measurement error in wealth—which is notoriously difficult
to observe—translates one-to-one into measurement error in imputed consumption. Be-
cause wealth under-reporting is especially pronounced among the wealthy (Baker, Kueng,
Meyer, and Pagel, 2022), this approach risks overstating consumption inequality. More-
over, Eika, Mogstad, and Vestad (2020) show that standard imputation techniques require
discarding nearly half of the sample to mitigate error, a prohibitive limitation in our con-
text.

Our registry data on income and wealth are provided by the Norwegian Tax Authori-
ties, who levy income and wealth taxes on all Norwegian residents. Measurement issues
are significantly mitigated by the extensive reliance on third-party reporting. Employers
and financial institutions supply information on labor income and financial assets directly
to the tax authority, thus making tax evasion very difficult. The data are annual and cover
the universe of Norwegian residents since 1993. They include detailed, individual-level
accounts of income, wealth, and personal taxes and transfers. The richness of the income
accounts allows us to separate between labor income and various forms of capital income,
including returns from interest-bearing financial assets, stock returns, capital gains, and
other sources of capital income. Moreover, we have a complete overview of registered
transfers and taxes, including unemployment benefits, pensions, child support, and social
welfare benefits. Finally, the individual-level registry data allow us to separately observe
liquid assets (e.g. bank deposits, etc), and to distinguish between gross and net wealth. We
also observe individual characteristics such as gender, age, and education level. Finally,
while the registry data on income and wealth are widely regarded as being of exception-
ally high quality, we nevertheless acknowledge that even these data have limitations, in
particular when it comes to the measurement of retained capital gains and income from
housing services. We refer to Aaberge, Mogstad, Vestad, and Vestre (2021) for a detailed
analysis of these issues.

2.2 HOUSEHOLD-LEVEL AGGREGATION AND SAMPLE SELECTION

We consider the household as our baseline unit of observation in the paper. Consumption
and saving decisions are typically made at the household level, implying that individual-
level expenditure transactions may be disconnected from actual individual consumption
when people live together. We aggregate all individual accounts to the household-level,
and then compute equivalized values by dividing the household accounts by the square
root of the number of people in the household. This is a widely used approach to measure
variables at the household level, see OECD (2013).

Following standard practice in the literature, we focus on a sample of household-
year observations with some (but not necessarily strong) labor-market attachment. We
also require regular use of electronic payments. This seems natural given the nature of



Figure 1: Consumption in micro data vs. official national accounts
Per capita consumption: level Per capita consumption: yoy change

10000 8
9000 official statistics

8000

e
g $
= 7000 <
g ]
j=8 >
S 6000 W :
2 S
S 5000 ' =
pu micro-data o
= 4000 @
Q I =
© 5}
° £
\g 3000 8 _
2000 &
1000
avg share = 0.84 correlation = 0.57
0 -8
2006 2008 2010 2012 2014 2016 2018 2008 2010 2012 2014 2016 2018

Notes. Left panel: level of (quarterly) per capita consumption in the micro-data vs. official statistics. All
values are deflated by Norwegian CPI (2015 =1) and converted into US dollars using the exchange rate in
2015. Right panel: year-on-year (yoy) growth rates of the series. To aggregate the micro-data, we consider
our baseline sample selection described below (we sum consumption across retained households and divide
by the total number of individuals in those households).

our consumption data. For each year ¢ we remove household—year observations with
labor earnings below Y, = 5% of median equivalized earnings, or consumption be-
low Ciint = 5% of median equivalized consumption (see Halvorsen, Holter, Ozkan,
and Storesletten, 2023 for a similar restriction). We further trim away outliers by ex-
cluding household—year observations with consumption-to-income ratios below the 2.5"
percentile of the full sample. A few additional steps are taken to clean the data: first,
we remove unusually large single transactions that are unlikely to represent consump-
tion expenditures.> Second, we remove observations with equivalized self-employment
earnings above Y,,,;, ;, given that it may be difficult to separate actual consumption from
business-related expenditures in electronic transactions for self-employed workers. Fi-
nally, following Heathcote et al. (2010), we drop households if no member is of working
age (25-60 years).

After imposing the age bound, which yields an average sample of 1.6 million house-
holds per year, we apply the remaining restrictions jointly, retaining only households that
satisfy all of them. This leaves us with a final average sample of 1.2 million households
per year. Table A3 in the Appendix presents summary statistics for the main variables
considered in the estimation sample, along with the role of the sample selection proce-
dures. Overall, we view our sample restrictions as relatively mild compared with much of
the existing literature.® This is deliberate and motivated by our aim to retain a significant
share of the households at the bottom of the distributions.

2We set this threshold at 60,000$ for all categories except car-related transactions, where it is 600,000$. To
be conservative, we also drop transactions in the “Insurance,” “Financial services,” and “Miscellaneous:
Other services” categories.

3For example, an alternative to our cutoff restrictions would be to exclude households with income and
consumption below the Norwegian social-security minimum, as in Holm, Paul, and Tischbirek (2021).
This minimum was approximately 11,000$ in 2015. Our baseline threshold, in contrast, implies a cutoff
of 1,800$ for labor earnings and 1,300$ for consumption in 2015. We consider this alternative cutoff in
Figure 5.



Figure 2: Consumption and income shares
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panel: share of categories’ consumption as a fraction of total consumption along the income distribution.
Median shares within income and year, averaged across all years. We consider our baseline household level
sample described in the text.

2.3 A FIRST DESCRIPTIVE LOOK AT THE DATA

Figure 1 provides a smell-test of how electronic transactions fare as a measure of con-
sumption. The left panel compares quarterly levels of per capita consumption in the
national accounts with the counterpart when we aggregate up our household-specific con-
sumption series. The right panel compares the quarterly year-on-year growth rates in both
series. Overall, the micro data closely mirror the official consumption series, capturing
both the levels——accounting for 84% of total per capita consumption in the official statis-
tics on average over the sample—and the growth rates, with a correlation of nearly 0.6.
The match with national accounts in our case is comparatively better than, for example,
the widely used US Consumer Expenditure Survey (CES). In the latter case, the (annual)
correlation with the official statistics is 0.41 over the period 1994-2019, with a coverage
of 72% of total per capita consumption (see Heathcote, Perri, Violante, and Zhang, 2023).

The left panel in Figure 2 reports sample averages of the consumption-to-disposable-
income ratio across the disposable income distribution. Consumption accounts for nearly
all of disposable income among households in the bottom 10%. At the very top of the
income distribution, in contrast, the consumption share drops sharply as income increases
further. This is consistent with the conventional view that high-income households save a
larger portion of their income. Except for these observations in the tails, the consumption-
income ratio remains relatively constant throughout most of the income distribution. This
suggests a fairly flat savings rate across most Norwegian households, consistent with the
findings of Fagereng, Holm, Moll, and Natvik (2019). It is important to note, however,
that the saving rate implied in our Figure 2 overestimates the true level. This is because
(1) our data do not capture the universe of consumption transactions, and (ii) we exclude
all mortgage-related transactions.
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Figure 3: Levels of income and consumption inequality in Norway
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All measures of inequality are computed at the household level and in equivalized units. Income
definitions: (1) labor earnings (yellow) = wages and salaries; (2) market income (red) = labor earnings + net
capital income; (3) pre tax income (purple) = market income + public transfers; (4) after tax income (green)
= pre tax income - taxes. Left panel: raw data in levels. Mid panel: data purged for variation attributed to
demographic characteristics and aggregate (common) dynamics. Right panel: data purged for variation in
demographic characteristics, aggregate dynamics, and household-level fixed effects.
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The right panel in Figure 2 reports the consumption shares in our data across the in-
come distribution (see Figure Al in the Appendix for each category shown separately).
Food constitutes a substantial share of total consumption for lower-income households,
around 30% at the very bottom. But this share declines with income, reaching about 12%
at the top. Conversely, the shares for other categories are relatively stable across the in-
come distribution. Finally, the mode of payment also differs systematically across the
distribution: cash withdrawals at points of sale, while playing a very limited role overall
(about 2% of total consumption), are more common for income-poor households. Credit
card usage in contrast increases substantially with income. Taken together, our prelimi-
nary inspections support the view that electronic transactions data capture consumption
patterns relatively accurately.

3 INCOME AND CONSUMPTION INEQUALITY

This section documents a set of empirical facts about income and consumption inequality
in our panel data. We first examine inequality in the raw data, and then quantify the contri-
butions of life-cycle trends, demographic characteristics, and within-household volatility
to overall cross-sectional dispersion. Finally, we conduct a series of robustness exercises
that help to place our empirical findings in a broader context.

3.1 INEQUALITY, THE LIFE-CYCLE, AND HOUSEHOLD VOLATILITY

Figure 3 reports the levels of income and consumption inequality over time in our panel
data. All inequality measures are computed in equivalized units at the household level.
We separately report inequality in labor income, market income, income after transfers,
disposable (after tax) income, as well as inequality in consumption expenditures from our
transactions data (see table A2 for detailed definitions). As a baseline, we define inequal-
ity as the ratio between the 90th and the 10th percentiles in the cross-sectional distribution
at annual frequency. However, alternative definitions are provided in later sections and in
the Appendix, and none of the results are qualitatively affected. Panel (a) in Figure 3
considers measures of inequality in the observed data. Panel (b) reports inequality after
we purge the data for between-group drivers such as demographic characteristics and time
fixed effects. Panel (c) also controls for household-level fixed effects.

We first consider the observed, unconditional levels of inequality in Figure 3(a). The
ranking across alternative income measures aligns with expectations: inequality in market
income is slightly higher than in labor income, while income inequality after taxes and
transfers—that is, inequality in disposable income—is substantially lower. The first ob-
servation reflects a more unequal distribution of capital income relative to labor earnings,
while the second results from redistribution towards relatively income-poor households.
None of the inequality measures in our data display pronounced trends. There is a slight
increase in these measures over the sample period, but this largely reflects that our sample
begins in 2006—a historical low point for income inequality in Norway (Aaberge et al.,
2021, Bennett and Salvanes, 2024, and Bjgrnland, Chang, and Onshuus, 2025).

More strikingly, Figure 3(a) shows that consumption inequality is substantially higher
than disposable income inequality in our data—around 60-100% higher when measured
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by the P90/P10-ratios. In fact, households in the top 90th percentile of the annual con-
sumption distribution spend nearly 5 times more than those in the bottom 10th percentile.
This implies that consumption is almost as unequally distributed across households as
income before taxes and transfers. Importantly, this observation does not seem to be
driven by income: if we rank households by their disposable income, the consumption
gap between the 90th and 10th percentiles (black line with crosses) is even smaller than
the corresponding income gap.* Thus, consumption inequality conditional on income is
indeed lower than income inequality. However, in the unconditional, observed data, many
income-poor households appear to spend relatively much in a given year, while many
income-rich households spend relatively little. This latter observation provides an early
indication of a disconnect between (current) income and consumption at the household
level, a topic we examine in detail in the following sections.

How much of the excess cross-sectional dispersion in consumption reflects systematic
household differences arising from life-cycle trends and other demographic characteris-
tics? Panels (b) and (c) in Figure 3 address this question. There we consider the residual
variation in income and consumption after removing an array of commonly considered
predictable components. Specifically, panel (b) reports alternative inequality measures
when we regress household-level income and consumption on a full set of interacting
year—age fixed effects. These fixed effects allow us to control non-parametrically for all
the common variation due to aggregate fluctuations and business cycle shocks, as well
as for cohort or age-specific determinants that may vary by year. In addition, we include
fixed effects for household size, the presence of children, and immigrant status. The in-
equality levels in panel (b) are computed from the residuals of those regressions, see the
Appendix for further details. While most of the inequality measures in panel (b) decline
modestly relative to their counterparts in panel (a), and while part of the upward drift in
income inequality disappears (and, if anything, a slight decline in consumption inequality
emerges), both the ranking between the different income measures and the excess dis-
persion in consumption relative to disposable income remain salient features of the data.
Consistent with this observation, we also find that life-cycle trends, demographics and
macroeconomic factors jointly explain about 19% of the observed variation in household-
level consumption expenditures. Thus, commonly considered consumption predictors
cannot account for the elevated levels of consumption inequality observed in our panel
data.

Figure 3(c) presents income and consumption inequality when we add household-
level fixed effects to the set of controls. This latter step serves two purposes: first,
it purges any contribution to observed inequality stemming from time-invariant house-
hold characteristics—such as permanent productivity differences, permanent differences
in wealth or permanent preference heterogeneity (Aguiar, Bils, and Boar, 2025). Second,
by removing all between-household variation in the data, the household-level fixed effects
enable us to isolate and quantify within-household volatility in income and consumption
over time. Two important observations emerge from the inspection of panel (c): first,
the ranking of the different inequality measures remains, including the elevated level of
consumption inequality relative to income inequality. In fact, the contrast becomes even
sharper, with consumption inequality now exceeding that of market income inequality.

“The consumption gap is computed as the ratio of consumption for households at the 90th percentile of the
disposable-income distribution to consumption for households at the 10th percentile of that distribution.
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Figure 4: Income and consumption inequality at longer time horizons
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Second, although all inequality measures decline markedly relative to their counterparts
in panels (a) and (b)—with the predictors now explaining about 68% of the variation in
household consumption—ample cross-sectional dispersion remains. For example, house-
holds in the 90th percentile still spend more than twice as much as those in the 10th
percentile, even after between-household variation has been purged away. Put differently,
around 50% of the total observed consumption inequality remains even when we remove
the permanent differences across households. Importantly, these observations reveal that
within-household consumption volatility (i) exceeds within-household income volatility,
and (ii) plays a major role for the overall level of consumption inequality in our data.
They also indicate (iii) more mobility within the consumption distribution, as idiosyn-
cratic innovations that move individual households around within each distribution play a
greater role for consumption than for income.> In Appendix C we estimate so-called rank
regressions, and confirm that this is indeed the case.

INEQUALITY AT DIFFERENT HORIZONS. Our focus so far has been on household in-
equality at annual frequencies. From an accounting point of view, the heightened level of
consumption inequality relative to disposable income inequality that we document raises

SWeddings may serve as an illustrative example, as they often represent very large, but temporary and
infrequent spikes in expenditures. Thus, one would expect that household members who marry experience
substantial but transitory shifts within the consumption distribution, even if their income remains fixed.
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the issue of whether household-level budget constraints limit consumption choices in our
data. To fix ideas, recall the accounting identity Y; , = C;, + S;. where, for each
household 7 over the period 7 (7 can be a year, a decade, or the lifetime of the house-
hold), Y; ; denotes disposable income, C; ; consumption, and S; » savings. It follows that
cross-sectional household variation in consumption can only exceed the cross-sectional
household variation in income if consumption and savings are sufficiently negatively cor-
related.® One possible explanation is that households with very high lifetime wealth tend
to dissave by drawing down their wealth to finance consumption. However, household
fixed effects account for permanent differences in wealth, while subsection 4.4 shows that
temporary fluctuations in lagged wealth do not predict current consumption. A second,
and perhaps more plausible explanation is the presence of discretionary, transitory expen-
diture shocks. Although such shocks may dominate over short- to medium-run horizons,
we expect consumption to align more closely with income in the very long run, as 7
becomes large.

In Figure 4 we plot disposable income and consumption inequality at different hori-
zons, ranging from one year (as in Figure 3) up to ten years. For each horizon, we take
the sum of households’ consumption and income over the entire period, before comput-
ing the ratio of percentiles. Two clear patterns emerge: first, as the aggregation period 7
increases, the levels of income and consumption inequality decrease. This is intuitive: the
role of within-household variation is strictly decreasing in 7, implying that only between-
household variation can explain overall inequality levels at sufficiently long horizons.
Second, the decline in consumption inequality at lower frequencies is significantly more
pronounced: consumption inequality falls by about 40% when we go from annual to ten-
year averages, while the corresponding decline in income inequality is only about 18%.
The right panel in Figure 4 illustrates the consequence of this last observation: as the time
horizon expands, the level of consumption inequality converges towards that of income
inequality, suggesting that lifetime budget constraints start to kick in.’

3.2 HOW GENERAL ARE THESE RESULTS?

Next, we inspect whether the high level of consumption inequality in Figure 3 is con-
firmed when 1) we isolate the role of lumpy expenditures, ii) we focus on various demo-
graphic groups, iii) we consider other data sets for Norway, and iv) we use alternative
measures of inequality.

THE ROLE OF LUMPINESS. The level of consumption inequality is not driven by spe-
cific expenditure categories. In fact, a natural concern is that cross-sectional dispersion
only reflects lumpy purchases of durable goods, such as vehicles. Panel a) of Figure 5
shows that this channel accounts for part—but not all—of the observed inequality: ex-
cluding durable categories (vehicles; furnishings and household equipment; and credit-
card payments) leads to a sizable decline in consumption inequality. However, even af-

®Because the cross-sectional variance in income is given by var (Y;,) = var (C;,) + var (S;.) +
2cov (C; -, Si.r), excess consumption variability requires that var (S; ») + 2cov (C; -, S; +) < 0.

"Nevertheless, the ratio of consumption to income inequality remains above one also at the ten-year horizon.
A proper inspection of lifetime budget constraints within households would require data spanning several
decades.
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Figure 5: Alternative measures of consumption inequality
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ter removing these categories, consumption inequality remains above disposable income
inequality. In Figure A2, we report inequality measures at the category level. Inequal-
ity is particularly large in categories typically associated with infrequent or lumpy pur-
chases—such as vehicles, furniture, and housing-related expenditures—where spending
differences across households are pronounced. By contrast, inequality in essential cate-
gories, such as food, while economically meaningful, is substantially flatter and broadly
comparable in magnitude to disposable income inequality. These patterns suggest that
spending on durable and discretionary goods varies much more strongly with overall con-
sumption than spending on necessities, which changes more gradually across households.
MEASUREMENT. Panel b) in Figure 5 compares our baseline inequality measures using
transactions data with counterparts using two alternative data sources: First, we plot the
P90/P10 ratio over time when household-level consumption is imputed from registry data
on income and net wealth, as in Fagereng and Halvorsen (2017). The idea is to infer
consumption for household 7 in year ¢ from the accounting identity C;; = Y, — S,
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using observations on income Y;; and changes in net wealth, S;; = W, — W, ;_;. Panel
b) in Figure 5 reveals that consumption inequality is even greater in the imputed con-
sumption data than in our transactions data. Does this imply that the transactions data
systematically under-report actual consumption differences? Not necessarily: one limita-
tion with imputed consumption is that measurement errors in the wealth data—which we
suspect can be relatively large—translate one-to-one into measurement errors in imputed
consumption. Moreover, these measurement errors may be correlated at the household
level with the household’s position in income or wealth distributions (Baker et al., 2022).
To the extent that registry data disproportionately understate wealth at the very top of the
distribution, imputations of consumption based on wealth can naturally amplify inferred
levels of consumption inequality.

Second, we compare our baseline with household-level consumption in the Norwe-
gian Survey of Consumer Expenditures (SCE).> Consumption inequality in the survey
data is lower than in our baseline, albeit still significantly higher than inequality in dis-
posable income. A lower level of inequality in the survey data is consistent with the view
that consumption expenditures among income-rich and wealthy households tend to be
under-reported in survey data, thus, leading to a downward bias in the estimated level of
aggregate consumption inequality (Aguiar and Bils, 2015).” In any case, all three data
sources that provide us with annual observations of household-level consumption in Nor-
way signal that consumption inequality is higher than disposable income inequality.
INEQUALITY WITHIN HOUSEHOLDS GROUPS. Panel c) in Figure 5 documents that the
high level of consumption inequality is widespread across various demographic groups
(single households, households with kids, native households, young, middle-aged and
older households). Consumption inequality is particularly elevated among singles (house-
holds composed of only one member) and younger households when compared with (ag-
gregate) disposable income inequality. The dashed black line in Figure 5 (right panel)
shows that consumption inequality remains elevated even under a more restrictive sample-
selection rule based on a higher minimum-consumption threshold. Following Holm et al.
(2021), we use the Norwegian social-security minimum—about $11,000 in 2015 —rather
than our baseline threshold of $1,300.

INEQUALITY IN THE FULL DISTRIBUTIONS. Finally, we stress that the high level of
consumption inequality is a general feature of the data and not restricted to the P90 and
P10 percentiles. Figure A3 in the Appendix plots the full unconditional distributions of
the log-levels of income and consumption, and the excess cross-sectional dispersion in
household-level consumption is visually clear even there. It is also apparent in Figure A4,
where we plot the full distributions of residualized income and consumption—that is,

8The SCE is managed by Statistics Norway and provides a detailed overview of household consumption
by categories of goods and services. Data for the survey have been collected on an irregular basis since
1974. We use the variable “Total consumption expenditure” (“‘Samlet forbruksutgift”). No surveys were
conducted after 2012 until the end of our sample period.

9The use of survey data also allows us to place Norwegian consumption inequality in an international
perspective, as consumption inequality is typically measured using household surveys. Krueger, Perri,
Pistaferri, and Violante (2010) summarize evidence for nine countries around the year 2000—well before
the marked rise in inequality observed over the past two decades—and report an average cross-sectional
consumption inequality (P90/P10) of approximately 5.2. For disposable income, the corresponding av-
erage is about 7. Taken together, these comparisons suggest that consumption inequality in Norway is
relatively low by international standards.
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after we have purged away the variation driven by the full set of fixed effects described
earlier. Finally, Figure AS in the Appendix reproduces Figure 3(a) but with the cross-
sectional variances of log-levels instead of the P90/P10 ratios. Consumption inequality
significantly exceeds that of income inequality in all cases.

4 INCOME AND EXPENDITURE SHOCKS

Next, we examine the underlying drivers of high consumption inequality in data. To this
end, consider a variant of the canonical, permanent—transitory income decomposition of
Hall and Mishkin (1982), which has been widely used to analyze the joint dynamics of
income and consumption heterogeneity. In particular, for every household : in year ¢, the
log income level y; ; is decomposed into a permanent component ¥; ; and a mean-reverting
transitory component y; ;. Income growth

Ayir = AUy + Ay

is stationary. In the spirit of Blundell et al. (2008) and subsequent literature, we suppose
that consumption growth Ac; ; can be decomposed as follows:

Aciy = QA + VA4 + Vit

The parameters ¢ and 1) govern the pass-through from permanent and transitory income
to consumption, while the residual term -, ; captures the variation in households’ con-
sumption orthogonal to income.

This formulation describes the relationship between household-level consumption and
income in a flexible, reduced-form way: as noted by Blundell et al. (2008), the parametriza-
tion ¢ = ¢ = 0 is implied by complete market models with full insurance, ¢ = 1 and
1 close to zero follow from standard models of the permanent income hypothesis, while
¢ = 1 = 11is implied by hand-to-mouth consumption, as under autarky. More generally,
0 < ¢ < 1land 0 < ¥ < 1 represent intermediate scenarios with partial insurance against
income risk.

The standard setting is one where permanent and transitory income components are
orthogonal to each other, and we make the same assumption for v;,. Thus, the variance
in total income growth is simply the sum of the variances in permanent and transitory
components, while the variance in consumption growth is a weighted sum of the two in-
come components and the variance in v; ;. Given the income and consumption processes
described above, it is straightforward to show that the cross-sectional variance of con-
sumption growth exceeds that of income growth if and only if the following inequality
holds:

var(yie) > (1 — ¢2) var(Ay;.) + (1 — 2/12) var(Ag; )

The literature typically focuses exclusively on income shocks as the sole drivers of con-
sumption, thereby implicitly imposing the restriction that var(v;;) = 0.'° In that case,
the presence of at least some insurance (i.e. not full autarky) implies that consumption

%More precisely, the common approach is to ignore any variation in +; ; under the assumption that this
variation is solely due to measurement errors.
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Figure 6: Income and consumption change volatility along the distribution
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must be less volatile—and hence its distribution more compressed—than income. By how
much naturally depends on the values of ¢ and ¢, and on the composition of the income
components Ag; ; and Ag; ;.!!

This stark prediction, while being standard in the literature, abstracts from the role
of 7,+. In this paper, we instead interpret fluctuations in v; , as consumption expenditure
shocks and incorporate them in the analysis. The inequality constraint above illustrates
that household-level dispersion in consumption growth exceeds household-level disper-
sion in income growth when (i) expenditure shocks are sufficiently volatile relative to
income shocks (high var(v;.) relative to var(Ay,,) and var(Ag;,)), and (ii) insurance
against income shocks is sufficiently muted (¢ and 1) take large enough values). In ei-
ther case, the presence of expenditure shocks provides a natural (and in simple income-
consumption models such as the one above necessary) explanation for the high levels of
consumption inequality observed in the data.

4.1 A BIRD’S-EYE VIEW OF VOLATILITY

To better understand the sources of consumption dispersion, we group households by past
income realizations, and then compute the distribution of future outcomes within each

Consider the permanent income hypothesis as an example, i.e. the parametrization with ¢ = 1 and ¢
close to zero: in that case, income volatility will be substantially higher than consumption volatility if
the transitory component Ag; , dominates the variation in overall income. Variation in the permanent
component Ay; ¢, by contrast, results in similar levels of income and consumption volatility with this
parametrization.
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group. Taking disposable income as an example, let the income level in household ¢
in year ¢ be denoted by Y;;, and Et,l = %Zzzl Y, . s represent average past income
over some horizon 7. Conditional on each percentile of Y;,_;, we build a distribution of
future income and consumption growth, Ay, ;11 = In(Y; 1) — In(Y;,) and Ac; 41 =
In (C; 441)—1In (C; ;). We refer to future outcomes for a given percentile group as uncertain
if the corresponding distribution for that group is disperse.

Figure 6 reports the results of this exercise. We condition on past averages over 7 = 2
years and plot the 90th, 50th, and 10th percentiles of each distribution.!> For disposable
income, future income growth displays systematically greater uncertainty at the two ends
of the distribution, compared with those in the middle 60%. Notably, households in the
upper tail face the largest income uncertainty.'*> Turning to consumption, the uncertainty
about future consumption outcomes is substantially larger than for income, consistent
with the theme in section 3 of excess dispersion in consumption relative to income. More-
over, unlike income, consumption uncertainty is distributed relatively homogeneously
across the distribution and inherits only partially the shape of the income change distri-
bution (both display higher uncertainty in the tails, even if this is more pronounced for
income).

Taken together, these facts suggest that changes in consumption cannot be fully ac-
counted for by changes in income, particularly since households—at least partially—
should be able to smooth income fluctuations. This points to the presence of additional
forces shaping consumption dynamics, with fundamental shocks to expenditures emerg-
ing as a natural candidate in this respect.

4.2 QUANTIFYING IDIOSYNCRATIC EXPENDITURE SHOCKS

We quantify the role of idiosyncratic expenditure shocks in three complementary ways:
first, by estimating a linear regression model in the spirit of Hall (1978). Second, by
extending the first specification to allow for permanent income shocks. And third, by es-
timating second moments in income and consumption using GMM, as in Blundell et al.
(2008). In all three exercises we work with residualized income and consumption to
purge out the variation due to life-cycle trends, demographics, and common macroeco-
nomic factors (see Blundell et al., 2008). We refer to Appendix B for details about the
construction of the residualized panel data.

The first empirical specification we consider is a simple panel regression linking
consumption to income changes (at annual level). The idea is to gauge how important
household-level income fluctuations are for household-level consumption. In the spirit of
Hall (1978), we project household consumption on the idiosyncratic, residual variation in
contemporaneous income, as well as lagged, residualized consumption:

Cig = b+ pCir—1 + BYir + Vig

12Here, and throughout the paper, we focus on the following households’ percentile groups (horizontal axis
in, say, Figure 6): 1-10, 10-20, ..., 80-90, 90-95, 95-98, 98-99, more than 99. See Guvenen, Schulhofer-
Wohl, Song, and Yogo (2017) for a similar classification.

13In Figure A6, we repeat this exercise for earnings following Guvenen et al. (2014) and find that the relative
uncertainty at the tails flips: households at the bottom of the earnings distribution experience greater
uncertainty than those at the top. This pattern suggests that redistribution—moving from earnings to
disposable income—Ilargely shields low-income households from extreme shocks, whereas high-income
households remain exposed to additional risks stemming from capital income.
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Table 1: Decompositions of consumption growth

(i) Hall regression (ii) Hall regression (iii) Blundell et al.
simple extended model

Dependent variable: consumption expenditures

Passthrough y; 0.46 X X

Passthrough ¥, X 0.51 0.79
Passthrough g X 0.38 0.27
var(Ac)|income 14% 14% 9%
var(Ac)lexp. shocks 86% 86% 91%

Notes. Specifications: (i) ¢;+ = p+ pcit—1 + BYit + Vie- (i) ¢t = p+ pcie—1 + Bﬂi_,t + ngi’t + Vit
(iii)) Moments from model with Ac; s = ¢n; ¢ + 1e; ¢ + 73,1, as described in the text.

The inclusion of lagged consumption implicitly controls for omitted, past drivers of con-
sumption, such as the level of expected permanent income. We stress that since income
and consumption data have been purged for systematic predictors such as life-cycle trends
and other demographic characteristics, we base our inference on residual income variation
that resembles income shocks, even if there is no attempt in this exercise to distinguish
between permanent and transitory components. Nevertheless, if consumption largely de-
pends on innovations to income, the regression should display strong predictive power for
household-level consumption. Column (i) in Table 1 summarizes the results. Note, first,
that the regression suggests significant pass-through from income to consumption; a one
percentage point increase in income is associated with a 0.46 percentage point increase
in consumption. The remaining half is naturally absorbed by increased savings. Second,
despite such a large pass-through elasticity, income explains only about 14% of the vari-
ation in consumption. The rest, about 86%, is attributed to idiosyncratic fluctuations in
residualized consumption, i.e. to something that may resemble expenditure shocks. Such
a dominant role for expenditure shocks may seem surprising at first sight. However, we
reiterate here that we are decomposing the variation in residualized consumption, which
accounts for only about 32% of the observed variation in the level of household consump-
tion expenditures.

A key limitation of the simple Hall regression above is that it ignores differences be-
tween permanent and transitory income changes. This may lead to biased pass-through
estimates, as some of the income variation risks ending up in the consumption residual.
Next we follow Friedman’s proposal to proxy households’ permanent income (¥, ;) with
their average income over a three-year period. Transitory income (¥; ) is then defined
as the deviation in current income from that average (the underlying idea is that liquid-
ity constraints and uncertainty may prevent distant future income from affecting current
choices, see Parker, Souleles, and Carroll, 2014). We then project consumption on its lag
and on the contemporaneous values of permanent and transitory income:

Cit = p+ pCig—1 + BUis + Bgi,t + Vit

Column (ii) in Table 1 reports pass-through coefficients and the variance decomposition
in this case. Note first that we obtain a somewhat higher pass-through elasticity for aver-
age past income than for transitory current income—with point estimates of 0.51 versus
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0.38—in line with the idea that a greater share of transitory income fluctuations is ab-
sorbed by savings rather than by consumption. Second, we still find that most of the
variation in residualized consumption is attributed to its own shock.

Lastly, we estimate the second moments of income and consumption shocks, and
quantify their relative importance in data, as in Blundell et al. (2008). In short, the model
separately identifies: (i) a permanent income shock, modeled as a random walk; (ii) a
transitory income shock, assumed to be an MA(1); and (iii) a transitory consumption
(expenditure) shock, modeled as white noise. The income processes are summarized as
follows:

Yit = Uit + Vit
Yit = Yit—1 1+ Nt
Vit = Eig + 957;,75—1

Here, n;; and €, ; represent permanent and temporary income shocks, respectively. They
are assumed to be household-specific and drawn from distributions common across house-
holds, with time-varying variances denoted by afm and ait. The MA coefficient is as-
sumed fixed. Collecting terms, we can write income growth as a function of the shocks:

Ayir=nir+et— (1 —0)eg 11— 0Ocipo

It is assumed that cov(n; ¢, 1mis) = cov(gir, €is) = cov(nit,€is) = 0V t and s. Thus,
persistence in income growth over time comes solely from the MA structure. Turning to
consumption, the following consumption equation is conjectured:

Aciy = ¢niy + ey + Vi

Here, we refer to v; ; as a household-year specific consumption expenditure shock. More-
over, it is orthogonal to income changes, as we assume that cov(7; ¢, Vi.s) = cov(Vit, Nis) =
cov(Vit, €is) = 0V t and s. The model is estimated by GMM, using the moment condi-
tions described in the Appendix. Finally, equipped with the estimated parameters, we can
compute the cross-sectional variance in consumption growth in year ¢ as

Qac = ¢2CT$ + %02 + 03,

with the variance share attributed to expenditure shocks given by (;'—i, for example. A
variance decomposition of household-level income can be computed similarly.'*

Column (iii) in Table 1 reports estimates when they are assumed fixed over time. Two
main results stand out: first, the pass-through to consumption is substantially higher for
permanent than for transitory income shocks—the estimated coefficients are ¢ = 0.79 and
1@ = (.27 respectively —in line with the previous Hall-type regression.!> Second, also

4“Our baseline estimates are obtained from a constant-parameter model. In Appendix E, we allow coeffi-
cients to vary by year following Blundell et al. (2008), letting the pass-through elasticities (¢¢, ¥;) and
the cross-sectional variance of expenditure shocks (ai’t) evolve over time. The results are robust along
both quantitative and qualitative dimensions.

50ur estimates for Norway are in the ballpark of those in Eika et al. (2020) (using imputed consumption)
and Fagereng, Holm, and Natvik (2021) (who exploit lottery prize data to identify transitory shocks). For
the US, Blundell et al. (2008) estimate ¢ = 0.64 and 7) = 0.05. However, Crawley (2020) shows that 1)
increases to 0.24 when correcting for time aggregation.
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Figure 7: The role of expenditure shocks across income percentiles
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in line with our previous exercises, consumption volatility is predominantly driven by
expenditure shocks. They account for 91% of the dispersion in household-level consump-
tion growth, while permanent income shocks account for about 8%. Transitory income
shocks play a minimal role for consumption: they explain only 1%, despite accounting
for more than 50% of income growth.'®

The robustness of the results presented above is analyzed in Appendix F. It is shown
that expenditure shocks play a major role also if we remove durable consumption goods,
control for the use of credit cards, or restrict the analysis to food expenditures.

16The variance of expenditure shocks is significantly larger than that of income shocks. Specifically, we

obtain J% = 0.02, 0'3 = 0.02, and 0,2y = 0.16 in the estimation with constant parameters.
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4.3 EXPENDITURE SHOCKS ACROSS THE INCOME DISTRIBUTION

Next, we ask if households’ exposure to expenditure shocks varies systematically across
the income distribution. To this end we estimate the classic Hall regression by subsam-
ple, where each subsample represents the households belonging to a particular percentile
range. Figure 7 shows three complementary metrics. Panel (a) reports the estimated,
percentile-specific, disposable income pass-through coefficients /3, panel (b) the associ-
ated R? of the regression, and panel (c) the associated root mean squared error (RMSE).
The horizontal axis in each panel represents percentiles in the disposable income distri-
bution. Finally, for completeness we also include the population-average estimate when
all households are pooled together.

Several observations stand out: first, panel (a) in Figure 7 reveals significant hetero-
geneity in pass-through coefficients between the bulk of households—in particular those
located in the bottom 80 percentiles—and the income rich at the top 10 percent. For ex-
ample, households near the median of the income distribution pass through about 50%
of their income fluctuations to consumption within the year, which is more than twice as
much as the top 10-percentile households. Moreover, except for households at the very
bottom of the income distribution, the size of the pass-through coefficient is monotoni-
cally decreasing in income. This observation is consistent with the widely held view that
income-rich households, if anything, should be better able to insure their consumption
plans against income volatility.

Second, panel (b) reveals that the R? of the Hall regression is declining in income too,
from about 0.2 for the poorest households to 0.1 for those at the top. To the extent that
the residual in the Hall regression captures our expenditure shocks, this suggests that such
shocks—while quantitatively important across all parts of the income distribution—play
a relatively larger role for income-rich households. One reason for this could be hetero-
geneous access to insurance, as noted above. Ceteris paribus, the expenditure shocks will
play a relatively greater role for households that have insured away their income risk, even
if the level of expenditure risk is evenly distributed across households. This is consistent
with the results plotted in panel (a).

However, another explanation could be that income-rich households are subject to
more volatile expenditures. For example, households at the top are likely to have a larger
share of luxury goods in their consumption basket, and it may be easier to substitute away
from these luxury goods whenever needed (see Andreolli, Rickard, and Surico (2024)).
Relatedly, income-rich households may be less liquidity-constrained and therefore more
likely to make larger unplanned purchases. We use the RMSE of the subsample regres-
sions as a simple metric to gauge the residual expenditure volatility not captured by in-
come (recall that both income and consumption have already been purged for variation
attributed to demographic characteristics, household-level fixed effects, etc.). Panel (c)
in Figure 7 reveals a U-shaped pattern: we obtain larger RMSEs for income-poor and
income-rich households than for those in the middle. However, the differences are quan-
titatively small across most of the income distribution, ranging from 0.3 to 0.33 in the
mid 10-90 percentiles. Thus, the volatility of expenditure shocks does not seem to be
very unevenly spread across the income distribution. Pass-through coefficients, instead,
vary systematically by income.
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4.4 INTERPRETATION OF EXPENDITURE SHOCKS

In light of the results presented above, we find it warranted to discuss the possible eco-
nomic forces underlying our estimated expenditure shocks. Given the disconnect between
expenditures and income documented in this paper, and the likely limited role of measure-
ment error in our data, the residual “expenditure shock™ term may reflect at least three
distinct sources. Each can have both anticipated and unanticipated components.'’

The first candidate is perhaps best understood as cost shocks; unplanned and invol-
untary consumption expenditures, such as emergency medical bills, urgent car or home
repairs, or funeral expenses, that require spending without a contemporaneous increase in
income.

A second possibility is the role of preference or demand shocks; voluntary changes
in tastes or spending desires, such as a luxury good purchase or a deliberate decision to
buy an expensive vacation. These changes may arise unexpectedly or be anticipated and
financed through prior savings, as found by Campbell and Hercowitz (2019). A wedding
or a scheduled home renovation are examples that may fit in the latter category.

Wealth shocks—changes in household wealth that affect consumption independently
of current income—constitute a third plausible source of expenditure volatility. Exam-
ples include unexpected inheritances or transfers, but also anticipated asset realizations or
transfers known in advance.

Disentangling these three interpretations lies beyond the scope of this paper, as it may
require us to ask people directly about the motivation behind a large number of individ-
ual expenditure transactions. Nevertheless, one simple exercise can help to shed light on
whether expenditure shocks can be anticipated in advance. If shocks are unanticipated,
they may represent realized consumption risk largely orthogonal to past savings. If an-
ticipated, they instead reflect intertemporal planning and should be visible in prior saving
behavior. Thus, we can check whether past savings predict current expenditures.

We revisit the household’s period budget constraint:

Wir+Civ=Eii+ (L +r ) Wipr — Tis

As before we let C;; denote consumption, E;, represent labor income (1 + 7;,) W, 4
represent the gross returns on the stock of wealth, and 7;, be taxes net of transfers (we
abstract from the role of capital gains for simplicity). Denoting disposable income by
Yie = Eiy +1iWii—1 — Tiy, the identity Y, = C;, + S, follows, where S;; = AW,
represent household-level savings. Equivalently, the law of motion for wealth is

Wit =W +Yie —Cis.

This simple identity highlights that any consumption shock orthogonal to income must,
by construction, also appear as a shock to savings or wealth. A discretionary increase in
consumption implies a one-for-one decline in savings, either through the decumulation of
current assets or as a consequence of prior asset accumulation. It is the latter that we seek
to assess as the main source of households’ observed consumption volatility.

17Because we cannot rule out an anticipated component, the term “expenditure shocks” constitutes a slight
abuse of language.
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Panel D in Table F5 reports results when we redo the exercises in Table 1, taking past
wealth into account. In specifications (i) and (ii) we proceed as follows: first, we resid-
ualize household-level consumption, income and liquid wealth following the procedures
described earlier. We include the full set of controls, including household-level fixed ef-
fects. Second, we add lagged, residualized wealth to the Hall-style regressions (i) and (ii).
In the Blundell et al. (2008) setup, i.e. specification (iii), we simply include lagged liquid
wealth in the factor structure F, before proceeding with the GMM estimation. Thus,
inference during the GMM estimation is based on consumption variability orthogonal to
the variation in lagged wealth. Across all three specifications we make two observations
that speak against a major role for planned expenditures: first, both the pass-through coef-
ficients and the variance decompositions remain very similar to those in Table 1. Second,
the pass-through coefficients governing the conditional correlation between lagged liquid
wealth and consumption are low, about 0.03 in specifications (i) and (ii). A word of cau-
tion is needed at this point. These results do not imply that wealth does not matter for
consumption. First, permanent differences in wealth across households do matter but are
controlled for when we compute residualized consumption. Second, contemporaneous
shocks to wealth (orthogonal to income) may affect consumption and be a component of
the estimated expenditure shocks.

5 INEQUALITY AND THE BUSINESS CYCLE

The analysis so far has documented two key forms of disconnection in household-level
consumption. First, household consumption appears only weakly related to household
income, despite sizeable marginal pass-through elasticities. Second, aggregate macroe-
conomic fluctuations account for a relatively small share of the variation in consumption
across households—Iess than 20% according to the results in section 3. Since these find-
ings pertain to allocations within the cross-sectional distribution at a given point in time,
they naturally raise the question of how the distributions themselves evolve over the busi-
ness cycle. Do distributional summary measures of income and consumption—such as
P90-P10 ratios—systematically respond to aggregate shocks? And if they do, are these
responses consistent with the conventional view of countercyclical inequality, as docu-
mented, for example, by Heathcote et al. (2010) for the U.S.? These are the questions we
address in this section.

We proceed in two steps: first, we use Bayesian time series techniques to estimate a
structural vector autoregressive (SVAR) model. This allows us to quantify the dynamic
responses of selected distributional moments to identified business cycle shocks. Second,
we perform a reduced-form event study of the Great Recession and calculate the hetero-
geneous exposure of households to the recession along the consumption and disposable
income distributions, using a difference-in-differences approach.

5.1 TIME SERIES EVIDENCE

Our baseline SVAR model is estimated on quarterly time series data that include real
GDP, the CPI, real consumption as measured in the national accounts, the policy interest
rate, stock prices, and house prices. In addition to these key macro aggregates, we add
selected distributional moments one-by-one and estimate the joint system. In the spirit
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Figure 8: Impulse responses conditional on a recessionary business cycle shock
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Notes. Impulse response functions for a “main business cycle shock” generating a 1% fall of GDP on
impact. We report 80% posterior coverage bands. Horizons: quarters.

of Angeletos et al. (2020), we identify a “main business cycle shock™ as the disturbance
that accounts for the bulk of unexpected fluctuations in real GDP at business cycle fre-
quencies.'® We operationalize this by setting up a recursive VAR with real GDP ordered
first among the observables. In this sense, the VAR exercises serve as a tool to extract
the conditional cyclical correlation between macroeconomic aggregates and inequality.
All variables are in log-levels, and the estimation sample covers the period 2006—2018.
Given the short time span, we use two lags and rely on Bayesian estimation techniques to
mitigate overfitting. Specifically, we adopt Normal-Inverse Wishart and Minnesota-type
priors, with the tightness of the priors optimally chosen following Giannone, Lenza, and
Primiceri (2015).

In the first exercise, we include the quarterly version of the P90—P10 ratio from the
consumption distribution in the SVAR model. Impulse responses to a contractionary
main business cycle shock are shown in Figure 8. Both aggregate quantities and prices

18 An alternative would be to rely on a more structural identification scheme, for example, by estimating
the effects of monetary policy shocks (Coibion et al., 2017). However, such shocks are typically found to
explain only a limited share of the business cycle, thus being less informative for our purposes.
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Figure 9: Impulse responses across income components and consumption percentiles
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decline—resembling a negative demand disturbance—while the interest rate response re-
mains muted (we are not concerned with zero lower bound issues, as the Norwegian policy
rate never went below 0.5 percentage points during the sample period). Quantitatively, a
1% decline in output is accompanied by a 0.4% reduction in aggregate consumption from
the national accounts. But most importantly for our purposes, the P90-P10 consumption
ratio from our transactions data also decreases during the downturn, about 0.3% after two
years, indicating that consumption inequality is procyclical.

To shed light on the sources of procyclical consumption inequality, we replace the
P90-P10 consumption ratio with selected counterparts from different income distribu-
tions of interest (all captured by P90-P10), one at a time.'® The top row in Figure 9 sum-
marizes the results and compares with the response of consumption inequality. Several
important findings stand out: first, earnings and market inequality are relatively acyclical
or even mildly countercyclical in the short run. Both measures decline slightly after 2-3
years, but the responses are barely significant. The relatively similar responses of earnings
and market income inequality suggest that disproportionate capital losses among wealthy
households play a minor role for aggregate inequality dynamics. Second, inequality in
income after taxes and transfers—disposable income inequality—shows an economically
significant and quite persistent decline. About three years after the shock, the posterior
median fall is about 0.35% per 1%-decline in GDP. Thus, disposable income inequality

1To obtain quarterly measures of income inequality based on the annual registry data, we interpolate the
annual data using a shape-preserving, piecewise cubic interpolation. Consumption data, available at a
weekly frequency, is aggregated to quarterly level.
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is indeed procyclical according to our estimates. Moreover, the response of disposable
income inequality is quantitatively similar to the response of consumption inequality.

Finally, to understand where in the consumption distribution procyclicality comes
from, we replace the P90-P10 consumption ratio with selected consumption percentiles,
one at the time. The bottom row in Figure 9 reports the results: consumption responses
at the bottom (10th percentile) and median (50th percentile) of the distribution are es-
sentially acyclical or even mildly countercyclical. However, the consumption responses
become stronger in magnitude and increasingly procyclical as we move towards the top
of the distribution. The 90th percentile, for example, responds negatively and tracks the
aggregate consumption response fairly well. Moreover, the 95th and 99th percentiles de-
cline by about 0.7% and 1%—almost 2-3 times the fall in aggregate consumption from
the national accounts. Thus, the procyclicality of consumption inequality arises from ex-
cess business cycle sensitivity at the top of the consumption distribution, while the bottom
half remains relatively insulated. We stress that the large consumption responses at the
top of the distribution can be quantitatively important also in the aggregate, as households
at the top account for a disproportionately large share of aggregate consumption. In our
data, the top 5% (1%) of the households account, on average, for 17% (6%) of aggregate
consumption.

5.2 THE 2008-2009 RECESSION AS AN EVENT STUDY

While the SVAR analysis tracked business cycle dynamics in selected distributional mo-
ments, it did not account for compositional changes within distributions. Thus, it implic-
itly ignored the idea that any given percentile might be populated by different households
over time. Next, we exploit the panel dimension of our data by tracing individual house-
holds throughout a business cycle downturn, the 2008-2009 Great Recession. We adopt
primarily non-parametric methods, in the spirit of Guvenen et al. (2014) who studied
earnings among males in the US. We extend their analysis to household-level disposable
income and consumption, an area not yet explored in the literature. For comparability, we
replicate the analysis for the income variables restricting the sample to prime-age males
in Figure A8 in the Appendix.

We proceed as follows: first, for each household we compute the average levels of
earnings, market income, disposable income, and consumption over the pre-recession
years 2006—-2007. We then assign households to percentiles of each respective pre-recession
distribution. Based on these initial rankings, we follow households over time and com-
pute the mean log change in income and consumption between 2008 and 2009 at each
percentile level. This gives us a non-parametric reduced-form measure of how different
segments of the distribution were affected by the recession. To account for possible pre-
trend differences across the distributions (e.g., due to life-cycle effects), we benchmark
our results against “normal times” and adopt a difference-in-differences strategy: we first
compute the growth rates by percentile during the 2008—-2009 recession, and then sub-
tract the average percentile-specific growth rates observed in subsequent non-recession

years.?’

20T define “normal times”, we use the years 2010-2015 and 2017-2018, excluding 2016 due to a temporary
GDP contraction and a peak in unemployment.
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Figure 10: Great Recession losses along the income and consumption distributions
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Figure 10 illustrates the results of this exercise (in Figure A7, we show that the re-
sults remain virtually unchanged when controlling for life-cycle trends and demographic
characteristics). As a baseline reference we also include the percentile-specific earnings
losses during an “average” recession in the US, as documented by Guvenen et al. (2014).
They find that, relative to normal times, the earnings growth losses during recessions are
relatively large both at the bottom and the top of the earnings distribution for prime-age
males. The growth rates in the 10th and 90th percentiles, for example, fall by 10-13 per-
centage points, while males located in between the 50th and 70th percentiles experience
only minor earnings losses.

By contrast, the household-level earnings losses in our Norwegian microdata (yel-
low line) are remarkably stable across most of the pre-recession distribution, with only
1-3 percentage-point declines among the bottom 80%.2! The top 2% of households ex-
perienced larger earnings losses, albeit even here we observe average losses less than

2IThe contraction of earnings at the bottom of the distribution is more pronounced at the individual level
(Figure A8). However, as we will see for household income, even individual disposable income at the
bottom is largely shielded from the recession.
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10 percentage points. Thus, overall there was little change in household-level earnings
inequality during the recession.

Turning to market income (red line), we note that the losses were somewhat larger
across the distribution than for earnings, reflecting excess business cycle sensitivity in
capital returns. However, the vast majority of households rely on labor income as the
main income source, implying a gradient for market income that is relatively similar to
that for earnings. The exception is found at the top 90th-95th percentiles and above, where
capital income becomes a major income source.

Percentile-specific losses in disposable income (green line) tell a different story: these
losses were strictly increasing in households’ pre-crisis income, ranging from nearly zero
at the bottom to 12-13 percentage points at the very top. Thus, unlike earnings and mar-
ket income, the disposable income gradient was negative throughout the distribution, im-
plying that disposable income inequality was distinctly procyclical during the recession.
Figure 10 is also informative about the role of redistribution, illustrated as the vertical
differences between the green and red lines. Our general observation is a clear nega-
tive relationship between households’ pre-recession income level and their net gain from
redistribution during the recession.

Finally, turning to consumption (black-dotted line), we note that the consumption
losses were substantially smaller than the disposable income losses in all percentiles, re-
flecting significant household-level consumption smoothing across the entire pre-recession
distribution. Moreover, the consumption gradient is strictly negative and relatively sim-
ilar to that of disposable income: while the bottom 80% households did not experience
any decline in consumption, those at the top went through a 6 percentage points decline.
Interestingly, these numbers are very similar if we instead consider consumption losses
conditional on income (black crosses).

Overall, we conclude that consumption inequality in Norway is distinctly procycli-
cal, both in an estimated time series model, and when we track individual households
through the Great Recession. Importantly, the procyclicality in consumption inequality
mirrors that of disposable income inequality, while market income is relatively acyclical.
Moreover, the bulk of the income and consumption losses during a recession take place at
the top of the distribution, while households in lower segments are relatively unaffected.
Thus, procyclical inequality seems to be driven by systematic redistribution, which effec-
tively insures households outside the top segments against bad macroeconomic events.

6 TAKING STOCK

Using high-quality panel data for Norwegian households, this paper documents a set of
key empirical facts that are at odds with common views in the literature: we find more
dispersion and higher volatility in household-level consumption than income, and distinct
procyclical dynamics in both income and consumption inequality.

Are these results relevant beyond the institutional context of Norway and other Scandi-
navian countries? Based on the results presented here, one cannot conclude that consump-
tion is generally more dispersed and volatile than income in most other countries, nor that
income or consumption inequality is typically procyclical. For instance, the Scandinavian
wage bargaining system is known to compress wage differences (Mogstad et al., 2025),
while comprehensive social safety nets shield households from significant income risks.
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However, despite these institutional differences, we still believe that the mechanisms we
identify—such as substantial idiosyncratic expenditure volatility and the role of cyclical
redistribution and insurance—should operate in other countries as well. Indeed, certain
types of expenditure shocks may play an even more prominent role in countries like the
U.S., where households can be exposed to relatively large and abrupt expenses in health
or education. Moreover, redistributive policies have been shown to shape procyclical in-
equality dynamics in other countries and, more recently, even in the U.S., as emphasized
by Heathcote et al. (2023) in the context of the COVID-19 recession. We therefore find
it useful to outline and discuss broader implications of our findings that likely apply in a
wider international context.

MOTIVES FOR PRECAUTIONARY SAVINGS AND INSURANCE. The first point concerns
households’ motives for precautionary savings and insurance. Most economic models of
household behavior feature income risk, often linked to the increased likelihood of un-
employment during downturns, as the key source of consumption volatility. The assumed
goal of insurance in these models is therefore to insulate desired consumption plans from
unwanted income shocks. We instead show that most household-level consumption or
expenditure volatility in our data is largely uncorrelated with income, pointing to funda-
mental consumption or expenditure risk as a separate motivation for precautionary saving
behavior, thus complementing the traditional buffer-stock framework of Carroll (1997).2
In contemporaneous work, Guiso and Jappelli (2024) use a consumption expectations
survey in Italy to elicit the probability distribution of future consumption growth and con-
struct a measure of expected consumption risk at the individual level. They find that only
one-third of precautionary savings act as a buffer against labor income shocks, while the
remainder is driven by expenditure shocks. This result is qualitatively consistent with our
findings, and we conclude that models aiming for empirical relevance should incorporate
fundamental shocks to consumption as an explicit source of household-level uncertainty,
as done in Briglia (2025), Fulford and Low (2024) and Miranda-Pinto et al. (2025).

A DISCONNECT BETWEEN MICRO RISK AND AGGREGATE BUSINESS CYCLES. A
second observation from our analysis is that the key drivers of consumption volatility at
the household level play only a minor role in shaping aggregate consumption dynam-
ics. This is because the expenditure shocks we consider are idiosyncratic and largely
average out when aggregated across households and time. Likewise, the main drivers of
the aggregate business cycle explain relatively little of the consumption variation within
households. This is evident, for example, from the panel regressions in section 4, where
the common time fixed effects explain only a small share of household-level consumption
variation. Thus, while macroeconomic forces are important for distributional summary
moments—for instance, the P90-P10 ratio analyzed in section 5—they capture relatively
little of the micro-level variation. In this sense, we document a disconnect between mi-
croeconomic risk and macroeconomic volatility, suggesting that precautionary saving mo-
tives are largely detached from the aggregate business cycle.

THE ROLE OF POLICY. This brings us to the question of whether stabilization policy,
too, 1s disconnected from allocations at the household level. At first glance, one might sus-
pect that the micro-macro disconnect in the sources of volatility makes macroeconomic
stabilization policy largely irrelevant for most households. We believe such a conclu-
sion is premature. On the contrary, our findings in section 5—that inequality in labor

22For additional sources of precautionary saving, see Benhabib, Bisin, and Zhu (2011) and Savoia (2026).
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and capital income before taxes and transfers is relatively acyclical, while inequality in
disposable income and consumption expenditures is distinctly procyclical—suggest that
macroeconomic policy plays an important role through redistribution in favor of income-
and consumption-poor households. While our analysis stops short of quantifying the im-
portance of aggregate risk in counterfactual redistribution scenarios, it seems likely that
the redistributive nature of taxes and transfers helps insulate households in the lower part
of the distribution from macroeconomic risk. This may be a key reason why we observe
a disconnect between micro risk and aggregate business-cycle volatility in our data.
BUSINESS CYCLE VOLATILITY. A related question is whether business cycle fluctua-
tions are dampened or amplified by the pattern of income redistribution over the cycle.
The cyclical distribution of income is a central ingredient in models with household het-
erogeneity. It was first featured in Gali, Lépez-Salido, and Vallés (2007) and derived
analytically in Bilbiie (2008) in models with two agents.?® It plays a key role also in
HANK frameworks (see Auclert, Rognlie, and Straub (2025) for a review and Debortoli
and Gali (2025) for a comparison).

The standard calibration of these models typically implies amplification of business
cycles. In general, the degree of amplification of demand shocks—such as monetary or
fiscal expansions—increases with the share of constrained households and depends on the
redistribution mechanisms in place. Amplification is particularly strong when constrained
agents—who tend to be concentrated at the lower end of the income distribution—are
disproportionately exposed to aggregate fluctuations (see Patterson, 2023 and Auclert and
Rognlie, 2018). In that case, inequality moves countercyclically. Yet, the empirical results
presented in section 5 strongly suggest that redistribution in Norway leads to procyclical
income and consumption inequality. This pattern implies dampened rather than ampli-
fied business cycle volatility: poorer households are relatively better off in recessions,
and since these households typically hold fewer liquid assets and have higher marginal
propensities to consume (Fagereng et al., 2021), the cyclical nature of inequality docu-
mented in this paper acts as an automatic stabilizer. Our results also complement those of
Bilbiie et al. (2025), who estimate the degree of amplification through MPC heterogene-
ity in Norway. Interestingly, they find no evidence that individuals with high MPCs have
more cyclical disposable income or consumption. We, instead, find that both disposable
income and consumption are more cyclical among income- or consumption-rich house-
holds, implying procyclical inequality. Moreover, as illustrated in Figure 9, the cyclical
relationship between disposable income and consumption inequality is nearly one-to-one,
suggesting that procyclical consumption inequality primarily reflects procyclical income
inequality. Taken together, these results indicate that income levels—rather than MPCs—
are associated with business cycle exposure. However, the inverse relationship between
disposable income and exposure points to cyclical, income-based redistribution as an im-
portant mechanism for stabilizing the aggregate business cycle in Norway.

Z3Bilbiie (2025) further distinguishes the cyclical inequality channel from a separate cyclical risk channel
while Bilbiie, Primiceri, and Tambalotti (2023) quantify empirically the importance of the two channels
in an estimated model for the US.
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7 CONCLUDING REMARKS

This paper documents and analyzes several new empirical facts about consumption in-
equality. Our motivation is found in two fundamental premises underlying much of mod-
ern economics: (i) households rely on precautionary savings and other insurance mecha-
nisms to smooth consumption in response to income shocks, and (ii) poorer households—
who have access to fewer savings and face tighter borrowing constraints—are more ex-
posed to abrupt economic events. These premises imply that consumption should be
more equally distributed than income across households, less volatile than income within
households over time, and more equally distributed in good times than in bad times.

The key contribution of this paper is to document that none of these patterns hold in
high-quality registry and transaction data covering the universe of Norwegian households.
On the contrary, we find greater cross-sectional dispersion and higher within-household
volatility in consumption than in income, as well as distinctly procyclical dynamics in
both income and consumption inequality. Importantly, these results remain even after con-
trolling for life-cycle effects, household characteristics including household-level fixed
effects, as well as the consumption dynamics that are correlated with past wealth. We
also show that procyclical inequality arises only after accounting for taxes and transfers,
driven by excess business-cycle sensitivity among households at the top.

To shed light on our findings, we quantify the role of permanent and transitory income
shocks for household-level consumption dynamics. After controlling for life-cycle trends,
demographics, and common macroeconomic drivers, our estimates indicate that these two
income shocks together explain only around 10% of the cross-sectional variance in con-
sumption growth. Such a minor role for income shocks is established despite significant
marginal pass-through from income to consumption. Our findings stand in stark con-
trast to the common assumption that income risk is the dominant source of consumption
volatility. The remaining 90% of the dispersion is attributed to idiosyncratic expenditure
innovations, which we interpret quite broadly as consumption or expenditure shocks. Im-
portantly, these findings should not be taken as evidence against consumption smoothing
or the existence of insurance mechanisms that protect against income risk. Rather, they
suggest that expenditure shocks may represent a major motive for precautionary saving
and insurance, on top of—and largely orthogonal to—traditional income risk.

Still, the precise nature of the expenditure shocks, as well as their welfare implica-
tions, remain open questions. These shocks may partly reflect genuine cost shocks—for
example, when goods break and must be replaced—partly discretionary updates to pref-
erences, resulting in voluntary purchases of a vacation, a wedding, etc., and partly the
effects of windfall shocks to wealth. The underlying source of the shock is crucial for
understanding its welfare and policy implications, and further disentangling these mech-
anisms would likely require richer survey data with detailed expenditure information. We
therefore do not interpret high household-level consumption volatility as evidence of mar-
ket inefficiency or insufficient risk sharing. Rather, the nature of these shocks, together
with their welfare and policy implications, remains an important topic for future research.
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A ADDITIONAL TABLES AND FIGURES

Table A1l: Consumption categories in the dataset

Category  Description

01 Food and non-alcoholic beverages
02 Alcoholic beverages, tobacco and narcotics
03 Clothing and footwear
04 Housing, water, electricity, gas and other fuels
05 Furnishings, household equipment, and routine household maintenance
06 Health
07 Transport
071 Purchase of vehicles
072 Operation of personal transport equipment
073 Transport services
08 Communications
09 Recreation and culture
091 Audio-visual, photographic, and information processing equipment
092 Major durables for outdoor recreation
093 Other recreational items and equipment, gardens and pets
094 Recreational and cultural services
095 Newspapers, books, and stationery
10 Education
11 Restaurants and hotels
111 Restaurants
112 Hotels
12 Miscellaneous goods and services
121 Personal care
123 Personal effects
124 Social protection
125 Insurance
126 Financial services
127 Other services
13 Payments to banks?
14 Payments to public institutions?

Notes: Aggregation level for consumption category. The category numbers corresponds to the 1999
COICOP version. Category 13 and 14 are not part of the COICOP classification, and apply only to
bank wire transfers made via NICS. We refer to Ahn et al. (2024) for details.



Table A2: Definition of income variables

Category

Description

Labor earnings

Market income

After-transfer income

Disposable income

Employee income is the sum of cash wages and
salaries, taxable payments in kind, sickness
benefits, and parental benefits received during the

calendar year.

Labor earnings plus capital income (the sum of
interest received, share dividends received,
realized capital gains or losses, and other property

income received during the calendar year).

Market income plus transfers (taxable and
tax-free transfers received during the calendar

year).

Sum of wages and salaries, income from
self-employment, property income, and transfers
received, minus total assessed taxes and negative

transfers.

Notes: Income variables are defined by Statistics Norway.



Table A3: Summary Statistics

Panel A: Full Sample

Variable Mean SD P10 P50 P90

Labor earnings 50124 40008 98 48583 93079
Market income 53161 73191 989 49569 97368
Pre tax income 61333 71382 22884 55475 101005
Disposable income 47448 62475 22427 43865 73410
Consumption 34746 40247 6184 28364 63672
Age (head) 45 12 29 44 60

Panel B: Restricted Sample

Variable Mean SD P10 P50 P90

Labor income 59313 37889 20927 55338 98392
Market income 62579 73223 21493 56332 103102
Pre tax income 68803 72217 33195 61305 106599
Disposable income 50370 54080 27141 46203 74438
Consumption 34796 32729 12206 29893 59759
Age (head) 44 12 29 44 60

Notes. The table shows summary statistics for the estimation sample (2006-2018), households satisfying the age restriction. Panel A:
unrestricted sample. Panel B: restriced sample. All values except age are in US dollars (using the 2015 exchange rate), 2015 prices.

Income and consumption variables are equivalized taking into account the dimension of the household.
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Figure A2: Consumption inequality across expenditure categories
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Notes. Consumption inequality in different categories of expenditures. For each year, households are ranked by total consumption. We
define two narrow windows around the 10th and 90th percentiles of the total consumption distribution and compute, for each category,
the ratio of median expenditure in the upper window relative to the lower window. Conditioning on the rank in total consumption
allows us to mitigate distortions arising from zero expenditures, lumpy purchases, and measurement error that can mechanically

inflate unconditional inequality statistics at the category level.



Figure A3: Unconditional income and consumption distributions
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Note: Equivalized household level distributions of disposable income and consumption. Both measures are
expressed in real terms (deflated by the CPI).



Figure A4: Residualized income and consumption distributions
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Note: Equivalized household level distributions of residualized disposable income and consumption. Both
measures are expressed in real terms (deflated by the CPI).



Figure A5: Levels of income and consumption inequality in Norway
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Figure A6: Income and consumption change volatility along the distribution
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Figure A7: Great Recession losses along the income and consumption distributions:
residualized variables

I T T T I I T T
0.02 |- consumption® : o i
P consumption | disp income X
O = = = = = m e e e e e —y e — = = = = = =] 0

% -0.02 —
g - 005 &
o - . =
z disposable income P
o -004 - S
8 market incomey o1 2
- (5]
o
@ -0.06 - L4 2
£ 7 o
=4 / 015 €
‘= -008 - kel
= /
° S
5 “US earnings (right axi s
€ o1y earnings (right axis) 02 £
5 o
© 5]
o S
Re) c
g 012 025 g
o 025 =
=

-0.14 -

--03
-0.16 -
| | | | 1 | | | | -0.35
0 10 20 30 40 50 60 70 80 90 100

Position in the pre-recession distribution
Notes. Average log change along the distribution in labor earnings, income and consumption during recessions: Norway vs. US.

For Norway: labor earnings (yellow line); income after tax (green); consumption (black circled); consumption given income (black
starred). Percentile of the pre-recession distribution calculated during 2006-2007. Change in log average earnings / income / con-
sumption calculated over the years 2008-2009 (which is the only period during which Norway experienced a negative real annual
GDP growth in our sample). Variables are first cleaned of deterministic and demographic components, following the procedure de-
scribed in Section 4.2 and Appendix B. Since we focus here on common shocks, variables are not residualized with respect to time
fixed effects. For US: Change in log average earnings during all historical recession (average). Source: Guvenen et al. (2014) (Figure

15).
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Figure A8: Great Recession losses along the income distribution: sample of prime age
males
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Notes. Individual level sample as in Guvenen et al. (2014): prime-age (35-54 years) males only. Average log change along the
distribution in labor earnings, income and consumption during recessions: Norway vs. US. For Norway: labor earnings (yellow line);
income after tax (green). Percentile of the pre-recession distribution calculated during 2006-2007. Change in log average earnings /
income calculated over the years 2008-2009 (which is the only period during which Norway experienced a negative real annual GDP
growth in our sample). For US: Change in log average earnings during all historical recession (average). Source: Guvenen et al.

(2014) (Figure 15).
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B RESIDUALIZED INCOME AND CONSUMPTION

Here we provide more details about the construction of residualized income and con-
sumption at the household-year level. Let residualized income and consumption be given
by:

yie =1In (Yiy) — FY, g =In(Ciy) — Ff,

F?, and F/, are non-parametric factor structures that purge out the systematic variation in

data. They may capture life-cycle trends or cohort effects, family characteristics, etc.:

J J
Yy _ Y c __ c
Fz’,t - E fj,z',t Fi,t - E 7,0,
Jj=1 Jj=1

We include J factors, modeled as a flexible system of fixed effects: first, we include in-
dividual fixed effects to control for all time-invariant drivers of income and consumption,
such as permanent productivity differences at the individual and household level. Sec-
ond, a full set of interacting year-age specific fixed effects allows us to control for (i) all
the common variation in household-level income due to macroeconomic fluctuations and
business cycle shocks, and (i1) cohort-specific determinants of income that may vary over
time. Third, we include fixed effects for households with kids, as these may affect both
the composition and the per capita level of household’s consumption basket. For similar
reasons, we include household size fixed effects. Finally, we purge away the fixed effect

for households with immigrants.

C RANK REGRESSIONS

To quantify the degree of household-level mobility within a distribution over time, we
estimate rank mobility as captured by changes in households’ rank position in the income
and consumption distributions. For both income and consumption, we run the following

panel regression:

K
Tit = O + Prig—1 + Z BrTiky + €iy
k=1
The variable r; ; represents the distribution rank for household i in year ¢, while {x;;}
represents various control variables which may be systematically correlated with rank.
We consider two statistics of interest: p and R?. The parameter p is a direct measure of

rank mobility. At one extreme, if households’ rank in the respective distribution is fixed

12



across time, then p = 1. In contrast, if households’ rank is purely idiosyncratic over
time, then p = 0. Thus, higher mobility implies lower value of p, and higher mobility
in the consumption distribution than the income distribution implies that our estimate of
p in the rank regression for consumption should be lower than its estimated counterpart
for income. The second statistic, B2, summarizes the extent to which households’ rank
position is predictable by the included regressors.

Results are shown in Table C4. Columns (1A) and (1B) suggest that, before control-
ling for household fixed effects and life-cycle characteristics, the household rank is more
persistent in income than in consumption even if last year’s rank has substantial explana-
tory power in both cases. The autoregressive coefficient is 0.86 for income and 0.76 for
consumption, implying that shocks to a household’s position within a distribution have a
half-life of about 4.6 years for income, but only 2.5 years for consumption.! Obviously,
these numbers are heavily influenced by household characteristics such as age, kids, etc.
Columns (2A)-(2B) control for the household fixed effects described previously. Now
both autoregressive coefficients drop substantially—the one for consumption declines by
almost two thirds—but the main observation that movements in the consumption distribu-
tion are less persistent remains. The same applies when we also control for the life-cycle
trends and demographic characteristics described previously, see columns (3A)-(3B). Fi-
nally, the computed values for R? further strengthen the view that past positions in the
consumption distribution are less informative about current positions, compared with the

counterparts for income.

Table C4: Income and consumption rank regressions

(1A) (1B) (2A) (2B) (3A) (3B)

Disp. income Cons. Disp. income Cons. Disp. income Cons.

p 0.86 0.76 0.46 0.28 0.42 0.24
R? total 0.76 0.59 0.76 0.59 0.54 0.38
HH-level FE No No Yes Yes Yes Yes
Life-cycle trends No No No No Yes Yes

D GMM ESTIMATION A LA BLUNDELL ET AL. (2008)

After having obtained the estimates of residualized income and consumption, y; ; and ¢; 4,

we proceed with the estimation of income and consumption shocks. We separately iden-

I'The half-life is computed as h = In(0.5)/In(p).
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tify (i) a permanent income shock assumed to be a random walk, (ii) a transitory income
shock assumed to be MA(1), and (iii) a transitory consumption expenditure shock which
is white noise. We allow for year-specific second moments of all shock distributions, as
well as year-specific pass-through elasticities from income shocks to consumption (see
Blundell et al., 2008, Crawley, Holm, and Tretvoll, 2025). The income processes are

summarized below:

Yit = Vit + Yig
Yit = Yig—1 + Nig

Uit = €ig + 9€i,t—1
Household-level income growth follows:
Ayir =i+t — (1 —0)ei-1 — 0549

Turning to consumption, we follow common practice in the literature and conjecture the

following consumption growth equation:

Aciy = Oy + Ui€iy + Vig

Thus, the reduced-form elasticities ¢ and v capture pass-through to consumption from
the permanent and transitory income shocks, respectively. Finally, +; ; represents an ex-
penditure shock that is orthogonal to changes in income.

The model is estimated by GMM. We let afm and ait represent the time-varying
variances of permanent and transitory income shocks, and 0'3,7,5 represent the time-varying
volatility of expenditure shocks. These three shock volatilities, as well as the parameters
¢, ¥ and 0, are confronted with empirical moments in data. Identification arises from the
autocovariances in income and consumption growth in data.

We follow standard procedure in the literature to estimate the model: first, we com-
pute the relevant sample moments for income and consumption growth. Second, we form
a system of moment conditions that allows us to identify the parameters of interest. Third,
we estimate the model by choosing parameters to match selected theoretical moments to
the sample moment counterparts. Let (a4, Az, ., denote the covariance between variables
Az in period ¢ and Az in period t + j. For j = [0, 1, 2] we derive the following autoco-

variance matrices between consumption and output:

Qagoay =00y +02,+ (1 =002, +0%2,, (D.1)
QAyt,AyH—l - = (1 - ‘9) Ug,t +6 (1 - (9) Ug,t—l (D.2)
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Qay, Ay, = =002, (D.3)

Qaciay = G100, + 102, (D.4)
Qaceag, = =Y (1—0)02, (D.5)
Qaciayss = —ib02, (D.6)

Qacine = Gon, + V700, + 02, (D.7)

The autocovariances for j > 2 are zero. Note that the system is over identified—at each
point in time we have 7 equations to identify the 6 parameters a,it, afvt, O',QM, &, Uy and
6. The first equation governs the overall variance of the two income shocks. The second
and third equations exploit the auto-covariance structure in income to identify the relative
volatility of transitory income disturbances. The fourth equation governs the overall pass-
through from income shocks to consumption while the fifth and sixth equations pin down

the pass-through from the transitory components. Finally, the variance of the expenditure

2
’y’t ’

of consumption.

shock, o2 ,, is determined residually in the seventh equation to match the overall volatility

Overall, identification is achieved in two ways: first, we disentangle permanent and
transitory income shocks from each other because only the latter gives non-zero auto-
covariances (predictability) in income and consumption growth. Second, we disentan-
gle income shocks from consumption shocks because only the former lead to non-zero
cross-covariances between income and consumption growth, while the latter soaks up

any residual consumption variation that is ortogonal to income.

E ROBUSTNESS: TIME VARIATION

We assess the stability of the estimated income and expenditure shocks over time. To this
end, we follow Blundell et al. (2008) and explicitly estimate year-specific pass-through

. . . . . 2 2
elasticites ¢, and ¢, as well as year-specific cross-sectional shock variances o; ,, o7, and

2
fy’t .

the estimated time series for ¢; fluctuates between 0.75 and 0.89, while v); takes values

oZ,. The time-varying estimates in Figure E9a largely confirm our results so far: first,
between 0.22 and 0.30. Thus, while permanent income shocks display much higher pass-
through to consumption than temporary income shocks, we still find that a quarter of the
temporary income shocks pass on to consumption. Reassuringly, our estimates are in the
ballpark of those based on U.S. survey evidence obtained by Blundell et al. (2008), as
well as the results with Norwegian microdata in Eika et al. (2020) (using imputed con-
sumption) and Fagereng et al. (2021) (who exploit lottery prize data to identify transitory
shocks). Second, the the annual estimates of (77277t and ait vary between 1.6 and 2.5, while

O’%,t varies between 13 and 22. Thus, consumption shocks are substantially more volatile
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Figure E9: Year-specific estimates of income and expenditure shocks

(a) Shocks and consumption pass-through (b) Variance shares
\—’/\/\—_—
@ \/\/\/ 0
o 4 o
< < — S~
~ - - / ~
_____ . Y
AN . N
- —==
~ —— — — ~N
N —_—— e —— -
__/\/\/—
o e o
2007 2010 2013 2016 2007 2010 2013 2016
————— var(n) —-———-vare) ————- var(y) ————- var(Ay|n) var(Ac|n)
® 11} var(Acle) var(Acly)

Notes. Panel (a): annual estimates of 0727,,:» og,t, 0'3/7t, ¢ and ;. Panel (b): annual variance decompositions
of household-level income and consumption growth.

than income shocks. Moreover, none of the parameters display any apparent trend, the
sample averages for ¢, and v, are about 0.8 and 0.25, respectively, while the sample
averages for o7 ,, 02, and o2 , are 0.02, 0.02 and 0.16.

Figure E9b reports annual decompositions of the household-level, cross-sectional dis-
persions in income and consumption growth into the three shocks. While permanent
income shocks explain about 28-41% of income—and transitory income shocks the rest—
the two income shocks combined can account for only 7-11% of the overall dispersion in
consumption growth. On average, the permanent (transitory) income shocks account for
8% (1%) of the volatility in consumption. The rest, about 91% on average, is attributed to
the dispersion across households in realizations of «; ;. Thus, our estimated expenditure
shocks remain key drivers of consumption volatility in our data even when we allow for

time variation in all of the relevant second moments.

F ROBUSTNESS: EXPENDITURE INNOVATIONS

To further gauge the importance of idiosyncratic expenditure shocks, we assess three use-
ful perturbations to the baseline specification presented in the main text. First, we ask
whether expenditure shocks remain key if we restrict attention to non-durable consump-

tion expenditures. To this end, we remove all expenditures on durable goods from data
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and redo the three exercises summarized in Table 1. Results are reported in Table F5,
Panel A. As can be seen from the table, both the estimated pass-through coefficients and
the share of consumption variance attributed to expenditure shocks remain relatively sim-
ilar to the baseline estimates. The largest difference is found in model (iii), where we
impose moment conditions using GMM. But even in this case, we only see a small de-
cline in the role of expenditure shocks for (non-durable) consumption, from 91% in the
baseline to 87% when durable goods are excluded.

Second, we exclude the data on credit cards as these may be more exposed to mea-
surement errors, and also used for particularly large transactions. Results are reported in
Panel B in Table F5. Again both the coefficient estimates and the implied variance de-
compositions of consumption remain very similar to the baseline counterparts in Table 1.

Third, we restrict attention to expenditures on food consumption. Food expenditures
tend to be well measured also in survey data, and the majority of food expenditures are
spent on non-durable items. Panel C in Table F5 summarizes the estimates when we
only consider food consumption. Estimates once again remain similar to their baseline
counterparts. Still, we note that the pass-through elasticities from income to consumption
fall somewhat in all three specifications. This is especially true for the pass-through from
permanent income ¥; ; to consumption c; ; in specification (ii). One possible explanation
is that food consumption to largely consists of necessary goods (with Engel curve slopes
substantially lower than 1), so that a given increase in income implies only a small rise
in food consumption. However, when we do a more structural separation of permanent
and transitory income shocks, as in specification (iii), the pass-through coefficient from
permanent income to food expenditures remains very similar to that in the baseline when

all consumption goods are considered.
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Table F5: Robustness exercises: perturbations to residualized consumption

(i) Hall regression  (ii) Hall regression (iii) Blundell et al.
simple extended model

A: Consumption excluding durables

Passthrough y; 0.43 X X

Passthrough X 0.48 0.77
Passthrough 3, X 0.37 0.26
var(Ac)|income 16% 15% 13%
var(Ac)|exp. shocks 84% 85% 87%

B: Consumption excluding credit cards

Passthrough y; 0.45 X X

Passthrough ¥, X 0.50 0.77
Passthrough g X 0.38 0.27
var(Ac)|income 13% 13% 12%
var(Ac)|exp. shocks 87% 87% 88%

C: Only food consumption

Passthrough y; 0.34 X X

Passthrough 3, X 0.28 0.76
Passthrough X 0.34 0.21
var(Ac)|income 22% 22% 11%
var(Ac)|exp. shocks 78% 78% 89%

D: Consumption variation purged for past liquid wealth

Passthrough y; 0.45 X X
Passthrough 3, X 0.49 0.85
Passthrough 3, X 0.39 0.28
Passthrough wealth ¢t — 1 0.03 0.03 X
var(Ac)|income 15% 14% 12%
var(Ac)|exp. shocks 85% 86% 88%

Notes. Panels A, B, C: Coefficients of the three empirical specifications considered in the main text, with
alternative definitions of consumption expenditures as the dependent variable. Panel D: baseline regression

specifications where we also include (lagged) liquid wealth.
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