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ABSTRACT
Relative Concerns for Consumption at the Top:
An Intertemporal Analysis for the UK *
This paper investigates whether the consumption of rich households provides a reference
point in the consumption choices of non-rich households from an intertemporal perspective.
Using UK household data on food consumption, we estimate the Euler equation implied by a
life-cycle model incorporating relative concerns for the consumption of rich households.
According to both our OLS and GMM estimates, for the population of non-rich individuals as
a whole, there is no evidence of such relative concerns. These results are robust to
alternative definitions of the reference group, the presence of exogenous effects and liquidity
constraints, and the interval censoring nature of our food consumption data. However, we
find some (correlational) evidence of heterogeneous effects across county and household
characteristics, which is robust to simultaneous estimation. In particular, there are relative
concerns (for consumption at the top) in counties with relatively low income inequality or
relatively high population density. Households whose head has relatively low educational
attainment are also subject to relative concerns for consumption at the top.
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Introduction

Over the last three decades, income inequality has increased substantially in Englishspeaking countries and, to a smaller extent, in continental European countries and
Japan. Specifically, incomes at the top of the distribution continued to grow while
incomes in the middle and at the bottom almost stagnated (Atkinson et al., 2011;
Piketty, 2014). While this shift is commonly regarded as problematic, a range of
questions is still not well-understood: What are the exact channels through which
inequality affects welfare? Does inequality contribute to shaping other economic
outcomes? What is the magnitude of such effects?
This paper explores a potential mechanism through which income inequality affects
welfare and economic outcomes: Reference-dependent preferences in consumption.
A growing body of empirical literature provides evidence for the importance of
relative concerns in consumption choices (Kuhn et al., 2011; De Giorgi et al., 2012;
Lewbel et al., 2013). Models of relative concerns usually assume that utility depends
both on own consumption and on how own consumption compares to the average
consumption among all others in a consumer’s reference group. Here we take a
different approach: We investigate whether the consumption of households at the
top of the income distribution provides a reference point in the consumption choices
of those not at the top of the distribution. We label this form of relative concerns
“relative concerns for consumption at the top”. Using household data from the UK,
we examine potential effects of such relative concerns on the intertemporal allocation
of expenditure.1
Relative concerns for the consumption of rich households among non-rich households have a range of important implications. First, they provide a channel through
which inequality affects welfare. Their effects will be most important when income
growth concentrates at the top, as it has been the case in recent decades. In this
regard, the UK provides an interesting case to study the implications of upwardlooking relative concerns in consumption. Figure 1 displays the evolution of average
incomes in the UK since 1980 until 2011 for the top 5%, the top 10% and the bottom
1

Throughout the analysis, we use the terms “consumption”, “expenditure” and “spending” interchangeably. Since we focus on food consumption, spending and consumption should be closely
aligned.
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90%. The annual percentage growth rate of average income between 1990 and 2011
has been 1.04% for the top 5%, 0.83% for the top 10% and 0.51% for the bottom
90%. This development has made the UK the most inegalitarian among European
countries (Piketty, 2014, p.325).2 With relative concerns for the consumption of rich
households, non-rich households derive a utility loss from observing higher and higher
consumption of their rich peers.3 Second, relative concerns for the consumption of
rich households imply that income inequality contributes to shaping the consumption
behaviour of non-rich households. This links inequality to a range of other policyrelevant topics such as debt behaviour or the design of optimal fiscal and monetary
policy (Airaudo and Bossi, 2014). Beyond the effects of inequality, one could think
of implications for the transmission of uninsured shocks hitting households at the
top of the income distribution (De Giorgi et al., 2012, p.3) or for the welfare effects
of residential sorting by income (Luttmer, 2005, p.964).
The idea that lower income classes seek to emulate the spending patterns of the
rich goes back to Veblen (1899) and was first formalised as the “Relative Income
Hypothesis” by Duesenberry (1949). More recently, a number of studies argued
that increasing top income shares were partly responsible for the decline in savings
rates among middle-class households in the US. Bertrand and Morse (2013), using
data from the Consumer Expenditure Survey (CEX), provide evidence that higher
income and consumption among rich households have induced non-rich households to
consume a larger fraction of their income. Frank et al. (2010) suggest that households
compare their consumption with the consumption of households that are located
slightly higher in the distribution of income. In their model, an increase in income
and consumption at the top can generate “expenditure cascades” that ripple all
the way through the income distribution. In combination with improved credit
availability, such mechanisms have even been quoted as a contributing factor to the
2008 financial crisis (Rajan, 2010).
A potential weakness of these lines of argument is that they rely on a certain

2

The increasing dispersion of real incomes was largely driven by an increase in wage inequality,
amongst others originating from higher pay in the financial sector (Blundell and Etheridge, 2010;
Bell and Van Reenen, 2013).
3
This provides an explanation for the negative relationship between inequality and happiness that
has been documented empirically (Easterlin, 1974; Alesina et al., 2004).
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degree of myopia among consumers. The intertemporal budget constraint implies
that spending more today to get closer to the consumption of higher income classes
entails lower relative consumption in the future. If consumers recognise that relative
standing will also matter to them in the future, it is not obvious that higher
spending among rich households will induce them to consume a larger fraction of
their permanent income (Arrow and Dasgupta, 2009). In this paper, we explore the
effects of relative concerns for the consumption of rich households on intertemporal
consumption choices of forward-looking non-rich households. With this goal in mind,
we outline a life-cycle model along the lines of Galí (1994). In this model, non-rich
households compare their overall level of expenditure with the expenditure of rich
households. The Euler equation arising out of the model implies that non-rich
households aim to smooth their consumption relative to the average consumption
of rich households in their reference group. Importantly, households in this model
recognise that increasing consumption levels to achieve higher relative consumption
today would ultimately lead to lower relative consumption in the future. Instead,
by adjusting their consumption growth non-rich households are able to spread the
utility loss that derives from higher consumption among rich households optimally
over time.
We estimate the Euler equation using data on food consumption from the British
Household Panel Survey (BHPS) and data on earnings distributions from the Annual
Survey of Hours and Earnings (ASHE) over the period 1997-2008. Households are
classified into rich and non-rich according to the position of the main earner in the
county-level earnings distribution. Several concerns arise at the time of estimating the
effects of the growth of consumption among the rich on consumption growth of the
non-rich: How to define the reference group? How to deal with the so-called reflection
problem? We start by constructing the reference point for a given non-rich household
as the average consumption among rich households in its county of residence, but we
also experiment with a definition that includes demographic characteristics as well.
Regarding the reflection problem, we note that households in a given county might
share similar unobserved characteristics and may be exposed to common shocks,
giving rise to spurious correlation in consumption outcomes (Manski, 1993). We
try to address this concern by specifying a county-specific discount factor and using
3

GMM estimation based on orthogonality conditions of the model.4
We find no evidence for an effect of the growth in rich consumption on the
consumption growth of non-rich households, at least for the population of nonrich households as a whole. Both OLS and GMM estimates of the Euler equation
yield small positive coefficient estimates that are close to zero and not statistically
significant. These findings are robust to alternative definitions of the reference
group, the presence of exogenous effects and liquidity constraints, and the interval
censoring nature of our food consumption data. We also examine whether there
are heterogeneous effects across county and household characteristics. In particular,
we find some (correlational) evidence of relative concerns (for consumption at the
top) in counties with relatively low income inequality –consistent with the idea that
non-rich households in low inequality areas are more likely to compare themselves
to their rich co-residents– or relatively high population density –consistent with
the idea that consumption as signal for status will have a more prominent role if
social interactions are more anonymous. Households whose head has relatively low
educational attainment are also subject to relative concerns for consumption at
the top, which is consistent with a trade-off between conspicuous consumption and
human capital as signals for unobserved income (Moav and Neeman, 2012). The
presence of these heterogeneous effects is robust to simultaneous estimation.
Besides extending the literature on relative concerns for the consumption of
the rich, we contribute to the empirical micro literature on relative concerns in
consumption more generally. Among others, the effect of relative concerns on the
intertemporal allocation of expenditure has been examined by Ravina (2007). Using
a Californian data set on credit card purchases, she estimates that an increase in the
growth of city-level consumption by 1 percentage point increases own consumption
growth by 0.2 percentage points. Alvarez-Cuadrado et al. (2012) use data from
the Spanish Household Budget Continuous Survey (ECPF) to estimate an Euler
equation that incorporates relative concerns. They provide evidence for an effect of
the consumption growth of neighbouring households on own consumption growth
in a similar range. Maurer and Meier (2008) exploit a social equilibrium condition
4

We instrument the growth in rich consumption with lagged variables, since under rational expectations the forecast error will be uncorrelated with all the available information in the prior
year.
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to identify peer effects and estimate their model on food consumption data from
the US Panel Study of Income Dynamics (PSID). Applying a definition of reference
groups along demographic dimensions, they find evidence for moderate peer effects in
consumption growth.5 Whereas all of these studies (including those with an intratemporal focus) assume that relative concerns apply uniformly to the consumption of all
others in someone’s reference group, our paper concentrates on relative concerns for
the consumption of the rich.
The remainder of this paper is structured as follows. Section 2 outlines a model
of “keeping up with the ‘rich’ Joneses” in which non-rich households compare their
consumption to the consumption of rich households in their reference group. Section
3 discusses the data and the methodology. Section 4 presents the results of the
estimation of the Euler equation. Section 5 contains several robustness checks.
Section 6 concludes.

2

A model of “keeping up with the ‘rich’ Joneses”

This section outlines a model of “keeping up with the ‘rich’ Joneses” in which non-rich
households compare their consumption with the consumption of rich households in
their reference group. Its derivations follow closely Maurer and Meier (2008) and
Alvarez-Cuadrado et al. (2012).
There are several reasons why “non-rich” (middle and low income) households
could have relative concerns for the consumption of the “rich” (those with higher
incomes). Perhaps one of the most well-known argued reasons for the presence
of upward-looking relative concerns is that consumers may want to emulate the
spending habits of the upper classes to signal status. This idea goes back at least
to Veblen (1899, p.104) who noted that “in any community where class distinctions
5

A range of studies have examined peer effects in intratemporal consumption choices. Using
Dutch household data, Alessie and Kapteyn (1991) estimate an almost-ideal demand system that
incorporates good-specific relative concerns. Kapteyn et al. (1997) conduct a similar exercise in
the context of a Linear Expenditure System. Both of these studies apply a demographic definition
of reference groups and find evidence for good-specific relative concerns. More recently, Lewbel
et al. (2013) model peer effects as affecting fixed costs that have to be incurred to derive any
utility at all. Estimating their model with Indian household data, they find important peer effects
in the consumption of visible goods among households with similar demographic characteristics.
We examine potential effects of relative concerns for the consumption of rich households on the
intratemporal allocation of expenditure in the robustness checks section of the paper.
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are somewhat vague, all canons of reputability and decency, and all standards of
consumption, are traced back by insensible gradations to the usages and habits of
thought of the highest social and pecuniary class — the wealthy leisure class.” While
individuals may directly derive utility from a high social standing, the imitation of
the spending of the rich could also be instrumental to other goals such as success in
the competition for marriage partners or professional success. In addition, empirical
evidence from the happiness literature suggests that comparisons appear to be mostly
upward: Having low relative standing negatively affects satisfaction, but individuals
do not derive much satisfaction from a high relative position (Ferrer-i Carbonell,
2005; Senik, 2009; Card et al., 2012).
How do relative concerns for the consumption of rich households influence the
intertemporal consumption choices of non-rich households? A life-cycle model along
the lines of Galí (1994) gives testable implications of such preferences for consumption
growth. Throughout, we assume that utility is additively time-separable, separable
between consumption of non-durable and durable goods and separable between
non-durable consumption and leisure.6 Moreover, we abstract from finite lives of
households and the possibility of liquidity constraints or precautionary motives.
When taking the model to the data, therefore, we will try to focus on non-liquidity
constrained households. We assume that each household acts as a single decisionmaking unit, so that the household utility function is independent of prices and
income.7 At the beginning of each period, non-rich household i with rational
expectations solves the following optimisation program:

max

Ci,t+j ,Ai,t+j+1

s.t.

Ut = Et

∞
X



h

i

R
β j u Ci,t+j , GEOM Ci,t+j
, ψi,t+j



j=0

Ai,t+j+1 = (1 + ri,t+j )Ai,t+j + Yi,t+j − Ci,t+j ,

(1)

where C is overall non-durable consumption, A denotes the real (net) wealth or
(net) assets, Y is real household income, β is the discount factor, Ut is the discounted
6
7

This last separability assumption allows us to abstract from the labour choice.
Technically, we are assuming that the Pareto weight of each individual felicity function in the
household utility function is constant (Browning et al., 2014).
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stream of expected future utility at time t, u is the intra-period sub-utility function,
ri,t+j is the real ex-post interest rate that the household i faces, which is unknown
at the beginning of period t + j, and ψi,t+j is a vector of taste shifters, such as age
h

i

R
and the number of children in the household. Finally, GEOM Ci,t+j
denotes the

geometric mean of the consumption of rich households in household i’s reference
group at time t + j.8 The optimisation problem implies the first order condition:

"

Et−1

#

∂u/∂Ci,t
β (1 + ri,t )
= 1.
∂u/∂Ci,t−1

(2)

In order to derive a closed form solution for consumption growth, it is necessary to
assume a particular form for the intra-period sub-utility function. We adopt a version
of the function suggested in Abel (1990) and widely used in the literature ever since
(Dynan, 2000; Ravina, 2007; Alvarez-Cuadrado et al., 2012). Specifically, we assume
that the household exhibits constant relative risk aversion (CRRA) –consistent with
the available empirical evidence (Chiappori and Paiella, 2011)– and its preferences
can be described through the isoelastic intra-period sub-utility function:

u(C̃i,t+j , ψi,t+j ) = exp (ψi,t+j )
where

C̃t+j =

1−ρ
C̃i,t+j
,
1−ρ

Ct+j
h

i

R
(GEOM Ci,t+j
)γ

.

ρ denotes the coefficient of relative risk aversion or the inverse of the intertemporal
elasticity of substitution. The parameter γ can be interpreted as the strength of the
relative concern for consumption of rich households and its estimation is the focus of
this paper. Hence, the model nests the standard life-cycle model (i.e., without relative
concerns) using the CRRA utility function –which is standard in the estimation of
Euler equations (Attanasio et al., 1999; Alan et al., 2009)– for the case γ = 0. The
Euler equation (2) can now be written as:
8

The formulation using the geometric mean is chosen because it yields an empirical specification
with the arithmetic mean of log consumption in the reference group as independent variable. This
specification is more robust to outliers than the one obtained using the arithmetic mean in the
utility function.
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C̃i,t
βEt−1 (1 + ri,t ) exp (∆ψi,t )
C̃i,t−1

!−ρ 


= 1.

(3)

Taking a log-linear approximation around a steady state, in which variables are
either constant or grow at a constant rate, and ignoring the residual non-log-linear
component of consumption growth, one obtains the expression:

h

i

Et−1 ∆ ln C̃i,t =

1
1
1
ln β + Et−1 [ln(1 + ri,t )] + Et−1 [∆ψi,t ] .
ρ
ρ
ρ

(4)

A detailed derivation of this expression is given in section A.1 in the Appendix.
Letting C̃t =

Ct
R )γ
(GEOM [Ci,t
]

and using the fact that the geometric mean of the log

equals the log of the arithmetic mean, equation (4) can be rewritten as:

1
1
ln β + Et−1 [ln (1 + ri,t )]
ρ
ρ
h
h
ii
1
R
,
+ Et−1 [∆ψi,t ] + γEt−1 ∆ARIT M ln Ci,t
ρ

Et−1 [∆ ln Ci,t ] =

h

i

R
where ARIT M ln Ci,t
denotes the arithmetic mean of log consumption among

the rich households in non-rich household i’s reference group.9 This implies for
observed consumption growth at time t:

∆ ln Ci,t =

h
i
1
1
1
R
ln β + ln(1 + ri,t ) + ∆ψi,t + γ∆ARIT M ln Ci,t
+ i,t ,
ρ
ρ
ρ

(5)
where Et−1 [i,t ] = 0.
i,t denotes the forecast error that reflects innovations to permanent income (Dynan, 2000, p.393). Under rational expectations the forecast error will be uncorrelated
9

Alternatively, following Muellbauer
(1988) and Dynan (2000), one could use the
 R
 Rspecification

ln C̃i,t = ln(Ci,t − γGEOM Ci,t
) and approximate it with ln Ci,t − γ ln GEOM Ci,t
, obtaining
an equivalent expression.
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with all available information at time t − 1. This insight will prove useful when
addressing the reflection problem that arises from the fact that rich and non-rich
households in a particular reference group may be subject to common shocks or share
similar unobservable characteristics.
Remark. According to the Euler equation (5), non-rich households aim to
smooth their consumption profile relative to the consumption of rich households.
This does not imply that increasing consumption among rich households leads nonrich households to excessively increase their consumption levels as it is argued in
Frank et al. (2010) or in Bertrand and Morse (2013). Indeed, households recognise
that increasing consumption today to keep up with their rich neighbours would
lead to lower relative consumption in the future. Non-rich households therefore
smooth their consumption by adjusting their consumption growth. To illustrate
this point, assume that non-rich households learn at time t that the growth rate
of the consumption of the rich at time t + 1 increases by an amount ∆g. Non-rich
consumers will react by adopting a path with a lower initial consumption at time
t but a growth rate that is higher by an amount γ∆g. The initial reduction in
consumption is necessary to satisfy the intertemporal budget constraint. In this way,
forward-looking non-rich households are able to spread the utility loss that derives
from higher spending among rich households optimally over time. The model outlined
above differs from the standard model only in that it incorporates relative concerns.
It is therefore a natural starting point to examine the importance of upward-looking
relative concerns in consumption. Indeed, estimating equation (5) provides a direct
test against a model without relative concerns.

3
3.1

Data and methodology
Data from the BHPS

Our main source of data is the British Household Panel Survey (BHPS), a nationally
representative study that ran from 1991 until 2008. The initial sample consisted of
some 5,500 households including about 10,300 individuals from England, Scotland
and Wales. Additional samples added 1,000 low-income households in 1997, 1,500

9

households from Scotland and Wales each in 1999, and 2,000 households from
Northern Ireland in 2001. The main topics covered in the BHPS are housing,
residential mobility, health behaviour, labour market behaviour, socio-economic
values and income.10
While the BHPS has become the main survey used in studies on labour supply in
the UK, it has been shown to be also a potentially valuable resource for analyses of
consumption and savings (Guariglia and Rossi, 2002; Disney et al., 2010; Etheridge,
2012). The consumption items available in the BHPS are similar to the ones available
in the US Panel Study of Income Dynamics (PSID), which has been widely used for
studying consumption behaviour (Mankiw and Zeldes, 1991; Dynan, 2000; Alan et al.,
2009). Specifically, the categories available in the BHPS are food consumed at home,
food consumed away from home, the amount spent on leisure activities, utilities and
a range of consumer durables. In line with a large part of the consumption literature,
we focus on food consumption. That is, the measure of non-durable consumption
that we use to estimate the Euler equation (5) is the sum of food consumed at home
and food consumed at restaurants.
The question on expenditure on food consumed at home is asked at the household
level and reads: “Please tell me approximately how much your household spends each
week on food and groceries”. Households are told that this includes “take-aways”
eaten in, but excludes all meals eaten outside the home. In contrast, the question on
food consumed away from home is asked at the individual level. Household members
are asked: “Tell me about how much you personally spend in an average month on
eating out at, or buying take-away food from a restaurant, pub or cafe, including
school meals or meals at work?”. Since “take-aways” eaten in are included in both
questions, there might be a tiny overlap between the two categories. However, since
this should concern only a small fraction of overall food expenditure, we do not
expect this overlap to induce a large bias in our estimates.
The expenditures on each of the two categories are measured in 13 bands from
£0 - £160.11 Following Guariglia and Rossi (2002) and Etheridge (2012), we assign
10
11

For a detailed description of the BHPS, see Jenkins (2010).
The categories are £0, £0 - £9, £10 - £19, £20 - £29, £30 - £39, £40 - £49, £50 - £59, £60 £79, £80 - £99, £100 - £119, £120 - £139, £140 - £159, £160 and over. There are no zeros in
food consumed at home.
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midpoints to all categories but the highest one, to which we assign £180. Since
the width of the categories is increasing in the amount spent, this can be expected
to induce additional measurement error that has an approximately multiplicative
form. Etheridge (2012) provides a justification for this procedure. Using the PSID he
estimates second moments of the distribution of consumption changes both using data
concentrated at midpoints and untransformed data. He concludes that the procedure
yields empirically accurate estimates. Nevertheless, to address the possibility of
non-classical measurement error, we will check the robustness of our main estimates
to accounting for interval censoring.
To construct a measure for household consumption, we scale the two categories
to give yearly figures. We deflate them to 2000 prices by the CPI for food items
and non-alcoholic beverages and the CPI for catering services (including restaurants,
cafes and canteens), respectively.12 We then sum real expenditures on food consumed
at restaurants across household members and add household consumption of food at
home.

3.2

Using food consumption as a measure for overall nondurable consumption

In using food consumption as a measure for overall non-durable consumption we
follow a long tradition in the literature (Hall and Mishkin, 1982; Zeldes, 1989; Runkle,
1991; Dynan, 2000; Maurer and Meier, 2008). However, this procedure has been
chosen mainly due to lack of better panel data on consumption. In this subsection
we comment on both its disadvantages and advantages.
Disadvantages. First, survey data on food consumption is particularly noisy.
Alan et al. (2009, p.321) estimate that 62 percent of the variation in consumption
growth in the PSID are due to noise. Consequently, hypothesis tests of parameter
values using only food data may have a low power. We address the problem
of measurement error by using GMM. Second, food consumption might behave
fundamentally differently than overall non-durable consumption. For instance, basic
food expenditure may respond only mildly to unexpected shocks to income (Shea,
12

The source of the CPI data is the Office of National Statistics (ONS).
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1994). Following Ravina (2007) we check that our consumption measure exhibits
the key features of overall consumption: a hump-shape over the life-cycle and a
positive relationship with income. Figure 2 shows the fitted values of local polynomial
regressions of total food consumption on age of the head of household and on net
total household income. Reassuringly, our data on total food consumption match
the key characteristics of overall consumption. Finally, estimating an Euler equation
for a subcategory of consumption is only valid if one invokes additional separability
assumptions. In our case, we need to assume that utility is separable between
consumption of food and other consumption. This assumption would be violated
if (for instance) the utility derived from eating at a nice restaurant varied with the
amount spent on clothing (Dynan, 2000, p.401).
Advantages. There are some advantages of our consumption measure. For
instance, estimating an Euler equation with expenditure data requires a measure of
consumption with low durability, i.e. a measure for which consumption plausibly
equals expenditure. This is likely to be the case for food. In other contributions,
such as Ravina’s (2007) study using credit card expenditure, part of the consumption
measure might stem from spending on durable goods. Moreover, as argued in
Maurer and Meier (2008, p.460), in the visibility survey conducted by Heffetz (2011)
food consumption at home and at restaurants are ranked in the (upper) middle of
the distribution across goods in terms of their visibility.13 Thus, our consumption
measure seems to be a good proxy for overall consumption regarding its susceptibility
to peer effects.

3.3

Construction of the independent variables and study
sample

Choice of reference groups. As indicated by Manski (1993), inference in social
interaction models is not possible unless the researcher has prior information on the
composition of reference groups. Lacking direct survey questions on the composition of
someone’s social circle, there are two approaches commonly followed in the literature.
The first one postulates that individuals compare themselves to other individuals
13

Among 31 expenditure categories, food at restaurants is ranked 7th and food at home is ranked
14th in terms of visibility.
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living in the same geographical area (Blanchflower and Oswald, 2004; Luttmer,
2005; Ravina, 2007; Alvarez-Cuadrado et al., 2012). The second approach assumes
that individuals compare themselves primarily to other individuals sharing certain
demographic characteristics such as age, gender, education or profession (Alessie and
Kapteyn, 1991; Maurer and Meier, 2008; Lewbel et al., 2013). In our main analysis,
we follow the first approach and assume that a household’s reference group consists
of all other households living in the same county. Using this definition, we examine
whether the consumption growth of “rich” households can explain the consumption
growth of “non-rich” households within a given reference group. However, we will
also investigate what happens when using a more specific reference group definition
based not only on geographical considerations but on demographic characteristics as
well.
Classification into rich and non-rich. Our research question calls for a
classification of the households in our BHPS sample into rich and non-rich. In
principle, one could attempt to estimate county-level income distributions out of the
BHPS. However, the small number of observations in each cell as well as over- and
under-sampling of particular income groups render such an exercise unreliable. This
suggests that a larger, external source should be used to obtain the relevant percentiles
of the county-level income distribution. The only such data source available for
the UK is the Annual Survey of Hours and Earnings (ASHE). The ASHE collects
data on earnings and working hours of a one percent representative sample of all
individuals in paid employment in the UK, and the Office of National Statistics
(ONS) publicly provides estimates of the deciles of workplace-based county-level
earnings distributions. We use these estimates in our analysis.
To classify the households in our sample, we first identify the main earner in
each household.14 In each county and year, a household is classified as rich if the
current gross labour earnings of the main earner in his or her first job exceed the 80th
14

Main earnings are defined as current gross labour earnings of the main earner in the household
from his or her main job before taxes, National Insurance contributions and other deductions.
We take the variables for current labour earnings and total household income in our BHPS
sample from a supplementary dataset of derived income variables provided by researchers of the
University of Essex. This dataset has been widely used in analyses using the BHPS (Blundell
and Etheridge, 2010; Etheridge, 2012). All income variables refer to current income, are deflated
by the CPI and are scaled to give an annual figure.

13

percentile of the distribution of individual labour earnings from the ASHE.15 Arguably,
the 80th percentile is a fairly generous definition of “rich” households. However, this
choice represents a compromise between a narrow definition of rich households and
having sufficient observations in the rich group to construct meaningful estimates of
the mean “rich consumption” in a given county and year. In addition, by choosing
this threshold, we can compare our findings to those in Bertrand and Morse (2013).
This classification of households into rich and non-rich has some shortcomings.
First, it does not take into account total household income. As a result, households
with a single earner whose earnings exceed the 80th percentile could be classified as
rich while households with several earners whose individual earnings just fall short
of the threshold could be classified as non-rich. However, it seems plausible that
the position of the main earner is most relevant for comparison effects along the
earnings distribution. Second, it neglects non-labour income such as capital and
pension income. Given that the increase in income inequality in the UK was largely
driven by an increase in wage inequality (Blundell and Etheridge, 2010), this should
not be a major concern for our analysis. Third, the ASHE only provides information
on the distribution of earnings of individuals in paid employment. However, we use
the same threshold to classify households whose main earner is self-employed. Since
the main reason for using the ASHE is to obtain a threshold that is invariant to the
sampling variation of the BHPS, we do not consider this to be a severe problem.
Construction of the study sample. We use the 12 waves of the BHPS from
1997 until 2008 in line with the availability of the variable on food consumed away
from home and of the earnings distribution data from the ASHE. Since ASHE data are
not publicly available for Northern Ireland, we ignore the Northern Irish sample of the
BHPS. The initial unbalanced panel of all English, Scottish and Welsh observations
completing a full interview consists of 72,437 household-year observations from 13,813
households and 140 counties. Household years are matched across waves according
to the identification number of the head of household, and households with head
changes are treated as new households. Moreover, we treat households whose county
of residence changes as new households. We cannot use the distribution of individual
15

The 80th percentile of the county-level distribution of individual earnings from employee jobs
includes all part-time and full-time jobs paid on adult rates and refers to gross pay before taxes,
National Insurance contributions and other deductions.

14

labour earnings to classify households who are retired or in full-time education, so we
neglect these households in our analysis (22,244 household-year observations). We
drop 351 observations with missing employment status of the head of household and
trim the top and bottom 1 percent of the distribution of net disposable household
income in each year to account for outliers (982 observations). Since our consumption
data are categorised and we take midpoints, we do not have substantial outliers in
our consumption variable. We therefore stay away from excluding outliers in this
category. 829 observations are excluded due to missing consumption data. The
resulting sample consists of 48,031 household-year observations living in 10,407
households and 140 counties.
We merge the deciles of the county-level earnings distributions from the ASHE
to this sample and classify observations into “rich” or “non-rich” as explained
above. Next, to obtain meaningful estimates of the mean log consumption among
“rich” households, we restrict the analysis to county-year cells with at least 10
rich observations. While this number is still not very high, it again represents a
compromise between having a sufficient number of rich households in each countyyear cell and keeping a fairly large number of counties in our analysis. We checked
the robustness of our findings to using a broader definition of “rich” households.
This led to a greater number of rich observations per cell and therefore less noisy
estimates of their mean consumption. Our results remained very similar throughout.
The remaining sample contains 28,746 observations (7,571 rich and 21,137 non-rich)
residing in 62 counties.16 We estimate the mean (log) consumption of total food and
the average log net disposable income in the rich group in each county-year cell that
is part of this sample.17
Figure 3a shows the evolution of average consumption among rich and non-rich
16

Table A1 in the appendix shows how the composition of our sample is affected by the sample
selection. Columns 3 and 4 show summary statistics for rich and non-rich observations in the
unrestricted sample, while columns 5 and 6 refer to the restricted sample with at least 10 rich
observations in each cell. We conducted t-tests for differences in means between the restricted
and unrestricted samples. The means differ significantly only for relative consumption of food at
home and food at restaurants (for both rich and non-rich) and marital status and educational
attainment above A-level (for non-rich). However, the economic magnitude of the differences is
negligible, so the deletion of small cells should not be a major concern.
17
Current household net disposable income refers to the sum of labour income, investment income,
pension income and benefit income of all household members after taxes, National insurance
contributions and other deductions. Its data source is the BHPS supplementary dataset of derived
income variables.
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households over the sample period 1997-2008. Consumption levels peak in 2003
and 2004 and drop with the onset of the financial crisis. Figure 3b displays the
evolution of the average 80-50 ratio and the average 90-50 ratio of county-level
earnings distributions in our sample. Both numbers increase over the sample period.
This indicates that not only national but also local inequality in the UK has grown.
Thus, the focus on the county level seems appropriate to study the implications
of increasing inequality in the UK. Figures 4a and 4b reproduce the figures above
but with separate scales for the two curves in each panel, so that similarities or
differences are more obvious.
Because we aim to study how the consumption behaviour of non-rich households
is affected by the consumption of rich households, we subsequently drop rich observations from our study sample. Moreover, in line with most of the consumption
literature, we drop observations for which the age of the head is outside the range
20-64 (978 household-year observations). This focus can be justified by the fact
that the consumption behaviour of such households is likely to follow different patterns, for instance due to health-related spending (“old” households) or liquidity
constraints (“young” households). Since they represent only a fairly small fraction
of our sample, we also drop 845 household-year observations whose head belongs
to an ethnic minority.18 Moreover, we drop all observations with missing values in
variables that are to be used across all estimations (404 observations due to missing
employment status of the spouse). The resulting sample is an unbalanced panel
consisting of 18,910 non-rich household-year observations living in 5,367 households
and 62 counties. From this study sample, we select the samples used in the different
sections based on the largest sample available given part-specific considerations, the
set of variables used and the transformations made.

18

One might be worried that observations in the rich group that were used to estimate the mean
consumption of rich households were partly outside this age range and / or belonged to ethnic
minorities, while our final study sample of non-rich households does not contain such observations.
This choice was made to have a sufficient number of counties with at least 10 rich observations
available while at the same time obtaining a meaningful sample for our main estimations. We
checked the robustness of our results to excluding these households from the rich group. While
the coefficients were less precisely estimated, their direction and magnitude remained very similar.
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4

Results of the estimation of the Euler equation

4.1

Empirical strategy and sample selection

Euler equation. The Euler equation implied by the model outlined in section 2
(equation (5)) describes the consumption growth of non-rich household i at time t
and is given by:

∆ci,t =

1
1
1
ln β + ln(1 + ri,t ) + ∆ψi,t + γ∆cR
i,t + i,t ,
ρ
ρ
ρ

(6)

where Et−1 [i,t ] = 0.
∆cR
i,t is the change in mean log consumption of the rich households living in
non-rich household i’s county of residence. For empirical fit it is necessary to let
the growth rate of consumption depend on changes in preference shifters that are
likely to affect the marginal utility of consumption (Attanasio, 1999). Therefore, we
specify the vector of preference shifters according to:

ψi,t = α0i + α1 Agei,t + α2 Age2i,t + α3 HeadEmployedi,t
+ α4 SpouseEmployedi,t + α5 nadultsi,t + α6 nchildren0_2i,t
+ α7 nchildren3_4i,t + α8 nchildren5_11i,t + α9 nchildren12_15i,t
+ α10 nchildren16_18i,t + yeart + zi,t ,
where Age is the age of the head of household; HeadEmployed and SpouseEmployed
are dummies taking a value of 1 if the head is in employment or if there is an employed spouse in the household; nadults is the number of adult household members;
nchildren0_2 refers to the number of children aged 0-2, and similarly for the remaining variables. This formulation allows changes in family composition and changes in
the age of the head of household to influence consumption growth. The employment
status dummies address the finding that the empirical fit of Euler equations improves
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much if one conditions on changes in employment status.19 The year dummies capture
both the common impact of macro shocks and, since we assume common interest
rates, ri,t = rt , the influence of the term

1
ρ

ln(1 + ri,t ).20 In addition, zi,t captures the

influence of unobserved preference shifters. Note that this specification takes account
of unobserved heterogeneity in consumption levels through the household-specific
constant α0i which is differenced out. Also, since we take consumption growth to
refer to a yearly change for all observations, the change in the age of the head of
household will be one year across observations. Consequently, the coefficient α1 will
be buried in the intercept.
Measurement error. Both own consumption growth and the growth of average
rich consumption are noisily measured. In the consumption literature, measurement
error in food consumption data has mostly been assumed to be multiplicative in
levels and additive in logs (Dynan, 2000; Alan et al., 2009). In our case, taking
midpoints introduces additional measurement error. Because the bandwidth is
increasing in the amount spent, the measurement error should still take a form that
is approximately multiplicative in levels (and additive in logs). We therefore work
under the assumption of classical measurement error in our consumption variables.
As a robustness check, we reestimate our main specifications using interval regression.
Taking averages over all rich households in each county and year should remove the
individual measurement error in rich consumption. However, mean rich consumption
is an estimate for the population mean in a given county. The sampling variation
associated with estimating average rich consumption out of a small number of
observations adds an additional layer of measurement error. Assuming that this
measurement error also takes an approximately multiplicative form, we have:

19

Potential reasons for this include non-separabilities in the utility function, costs associated
with taking up a job or the substitution of home production with market goods (Attanasio and
Browning, 1995).
20
Alternatively, one could use household-specific interest rates constructed through differences in
marginal tax rates. However, the tax unit in the UK is not the household but the individual.
Moreover, marginal tax rates do not vary continuously across individuals. For these reasons we
work under the assumption of common interest rates.
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ĉi,t = ci,t + ui,t ,
R

ĉi,t = cR
i,t + vi,t ,
R

where ĉi,t and ĉi,t are observed own log consumption (of a non-rich household) and
observed average log consumption among rich households in the household’s reference
group, respectively. Consequently, the error term in the estimating equation will
take the form:
1
ei,t = i,t + ∆ui,t − γ∆vi,t + wi,t + ∆zi,t ,
ρ
where i,t again denotes the forecast error, wi,t denotes the non-log-linear part
of consumption growth, and ∆zi,t captures the change in the influence of unobserved preference shifters. Under the assumptions of classical measurement error,
mismeasurements induce a serial correlation with an MA(1)-structure in the error
term. Measurement error in the dependent variable will reduce the precision of our
estimates but will not give rise to inconsistency. However, measurement error in the
independent variable, the growth of average consumption among rich households,
will lead to a negative correlation between observed values and the error term. This
will drive the OLS estimate of γ to zero.
The reflection problem. Our empirical specification is subject to the reflection
problem (Manski, 1993). Accordingly, there are three possible sources of correlation
between own outcomes and reference group outcomes: First, there might be direct
effects of peers’ outcomes on own outcomes (endogenous effects). In our context,
this refers to the genuine influence of the growth in average rich consumption on
own consumption growth: relative concerns for consumption at the top. Second,
there could be direct effects of exogenous characteristics of reference groups on
own outcomes, while these characteristics also influence reference group outcomes
(exogenous effects). This situation would apply if, say, age and family composition of
rich households influence their own consumption, while at the same time exerting a
direct influence on the consumption of non-rich households. In this case, exogenous
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reference group characteristics would be part of the unobserved preference shifters
zi,t . Third, households that are members of the same reference group are facing
the same institutional environment, they may be subject to the same shocks and
they might share similar individual characteristics (correlated effects). In our case,
correlated effects may arise because households in the same county are exposed to the
same county-specific business cycles, the same local prices or the same advertisement.
These effects are likely to lead to a positive correlation of the independent variable
with the error term. Also, positive sorting of households with similar unobserved
characteristics such as similar degrees of patience into the same county might give
rise to correlated effects.
Regarding the possibility of exogenous effects, we check the robustness of our
findings to including changes in averages of demographic characteristics of rich
households into our specifications. Moreover, by including county dummies we
account for the impact of correlated effects on consumption growth as long as they
are time-invariant. This formulation is equivalent to specifying a reference-group
specific discount factor and should also control for part of the influence of countyspecific price trends. In addition, we include the county-level employment rate as a
control for county-specific business cycles.21
Estimating equation. Taking these considerations into account, our estimating
equation for the Euler equation is given by:
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In line with changes in the data collection procedures of the Office for National Statistics (ONS),
we use data on county-level employment rates for all individuals aged 16-64 from the Labour
Force Survey (LFS) for the years 1997-1998, data from the Local Area Labour Force Survey
(LALFS) for the years 1999-2003, and data from the Annual Population Survey (APS) for the
period 2004-2008. According to the ONS, these figures should be comparable. For 1997-2003 we
take the average employment rate over the period starting in March of a given year and ending
in February of the following year. The BHPS interviews are conducted between September and
November of a given year, that is, roughly in the middle of this period. The reference period
shifts in 2004 with the introduction of the APS one month to the period from April of a given
year until March of the following year.
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1
1
1
R
∆ĉi,t = κ + γ∆ĉi,t + α2 ∆Age2i,t + α3 ∆HeadEmployedi,t + α4 ∆SpouseEmployedi,t
ρ
ρ
ρ
1
1
1
+ α5 ∆nadultsi,t + α6 ∆nchildren0_2i,t + α7 ∆nchildren3_4i,t
ρ
ρ
ρ
1
1
1
+ α8 ∆nchildren5_11i,t + α9 ∆nchildren12_15i,t + α10 ∆nchildren16_18i,t
ρ
ρ
ρ
1
+ α11 EmploymentRatei,t + yeart + countyi + ei,t .
(7)
ρ
The estimation of this equation by OLS is likely to produce a biased estimate of γ,
but the direction of the bias is ambiguous. On the one hand, classical measurement
error can be expected to induce attenuation bias and drive the estimate of γ to zero.
On the other hand, controlling for the local employment rate may not be sufficient
to fully control for common shocks and other correlated effects. Any remaining
spurious correlation between own consumption and rich consumption will show up
as an upward bias of the parameter estimate. Moreover, the changes in employment
status of head and spouse are jointly determined with consumption growth and will
therefore introduce additional bias.
In order to obtain consistent estimates in the presence of these problems, we
estimate the Euler equation by 2-step GMM (Hansen, 1982).22 We treat the growth
in average log consumption of rich households as well as the changes in employment
status as endogenous. Valid instruments must be uncorrelated with the forecast
error, i.e. they must be part of the information set at time t − 1. Moreover,
they must be uncorrelated with the measurement errors in the independent and
the dependent variable, the non-log-linear component of consumption growth and
changes in unobserved preference shifters. We treat changes in family composition
such as the arrival of children as completely foreseen at time t − 1, so we include
them directly into our set of instruments. The excluded instruments used in our
baseline estimations are the lag of the average log income of rich households, the
lagged growth rate of the 80th percentile of the local earnings distribution as well as
22

The assumption of rational expectations together with the assumption on the structure of the
error term imply a set of population orthogonality conditions. Specifically, the expectation of the
products of the error term and valid instruments (as explained in the main text) should be equal
to zero. GMM estimates are the parameter values that minimise the weighted distance of the
sample analogues of these moments from zero.
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the lagged employment status of head and spouse. Our main independent variable
varies at the county level and ignoring potential correlations of the error term within
counties will give rise to biased standard errors (Angrist and Pischke, 2009, p.319).
Therefore, throughout the analysis we report standard errors and test statistics that
are robust to heteroskedasticity and clustering at the county level. This also takes
account of the serial correlation in the error term that is induced by measurement
error. Likewise, the GMM weighting matrix is adjusted to allow for clustering and
arbitrary heteroskedasticity.23
Sample selection. Before estimating equation (7), we have to further restrict our
study sample. We start with the sample of 18,910 non-rich observations aged 20-64,
having deleted small cells. The exclusion restriction in our GMM estimations is that
conditional on the included exogenous variables, consumption growth is orthogonal
to everything that is part of the information set at time t − 1. This restriction is
not valid for households facing liquidity constraints. Consequently, estimating an
Euler equation for such households results in biased parameter estimates (Alan et al.,
2009). While we cannot identify liquidity-constrained households, we exclude the
households from the low-income sample of the BHPS because they are “likely” to be
liquidity-constrained (982 observations). As we are interested in consumption growth,
we also have to exclude all observations that are not part of a two-year spell, deleting
another 3,341 observations. Finally, we have to drop first differences for which the
lagged growth in the 80th percentile of the local earnings distribution, which we
use as an instrument, is missing. This deletes further 1,097 observations from the
years 1997 and 1998. The final sample for the estimation of the Euler equation
consists of 13,490 non-rich observations and 10,037 first differences living in 2,914
households and 50 counties. Table 1 provides summary statistics of the final sample.
For example, we can see that the average household head is approximately 44 years
old, that 31% of the household heads are women, that approximately 90% of the
23

Our independent variable is an estimate for the growth of rich consumption in the population.
Given that the sampling variation of this estimate affects the asymptotic distribution of our
main estimates, conventional standard errors will be biased (Pagan, 1984). While bootstrapping
standard errors is a common procedure to deal with the potential bias of the standard errors,
such a procedure is non-trivial in our case. The key difficulty is that for each bootstrap draw
we would have to re-sample rich observations at the county level, sometimes out of a very small
number (10 at the minimum). In general, we would expect standard errors to increase if the
additional sampling variation is taken into account.
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households are based in England and that the average number of rich observations
per cell is around 22.

4.2

Main results

OLS results. Can the growth of consumption among rich households explain the
consumption growth of non-rich households? Table 2 presents the results of the
estimation of the Euler equation (7). All columns include demographic controls
(changes in family composition and age squared) as well as year and county dummies.
OLS estimates are presented in columns 1 to 3. Column 1 shows that conditional on
the included controls, there is no significant correlation between own consumption
growth of non-rich households and the growth of the average consumption of rich
households in a household’s county of residence. The estimate of γ, i.e. the estimated
R

coefficient on ∆ĉi,t , is 0.015 with a standard error of 0.028. Columns 2 and 3 add the
county-level employment rate (i.e., a business cycle indicator) and changes in the
labour market status of head and spouse as controls. The coefficient estimates for
the parameter γ remain at small positive values and not statistically significant. One
reason for this finding could be that classical measurement error in the independent
variable leads to attenuation bias and thus drives the estimated coefficients to zero.
Upward-bias due to spurious correlation through county-specific shocks, on the other
hand, does not seem to be severe.
GMM results. Columns 4 to 6 present reestimations of columns 1 to 3 using
GMM and the baseline set of instruments as described in the previous section.
Columns 4 and 5 show a small increase in the estimated parameter as compared to
the OLS estimates in columns 1 and 2, consistent with the idea of attenuation bias
of the OLS estimates due to measurement error. Column 6 displays our preferred
specification which controls for changes in the employment status of head and spouse.
The estimated coefficient is reduced to a size of 0.012 with a standard error of
0.090. To illustrate the small economic magnitude, the estimates imply that a 1
percentage point increase in the growth of average rich consumption will increase
non-rich consumption growth by approximately 0.012 percentage points.24 Across
24

This is true only approximately since our independent variable is defined as the growth in the
average log consumption instead of the growth in log average consumption of rich households.
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specifications, the point estimates of γ remain at small positive values and not
significantly different from zero.
Other findings. Consistent with previous findings in the literature, changes
of the labour market status of head and spouse have a significantly positive effect
on consumption growth. For instance, if the head of household switches from
“out of employment” into employment, household consumption grows by around 11
percent. The estimated coefficient on age squared is significantly negative throughout,
consistent with the familiar hump shape of consumption over the life-cycle (Attanasio
and Browning, 1995). Moreover, as shown in Table A2 in the appendix, changes
in the number of adults and children (below age 16) affect consumption growth in
a positive way, as expected. The R2 of all estimations is around 0.10, indicating
that a non-negligible fraction of the variance of observed consumption growth in our
sample can be explained by the included controls. Unfortunately, we cannot compare
this figure to other studies estimating log-linearised Euler equations, such as Dynan
(2000) or Alvarez-Cuadrado et al. (2012), since these studies do not report the R2 .
Threats to identification. We test the validity of our instruments using the
Hansen J -statistic which is proportional to the minimised value of the GMM criterion
function. Under the null hypothesis that all instruments are uncorrelated with the
error term, the statistic has a χ2 -distribution with degrees of freedom equal to
the number of overidentifying restrictions. In our case, the number of excluded
instruments exceeds the number of endogenous explanatory variables by one, so
under the null the test statistic is distributed according to a χ2 (1). The p-values
of the J -test are all between 0.86 and 0.95, so we cannot reject the null that our
instruments are valid.
In the presence of weak instruments, instrumental variable estimators are subject
to severe finite sample bias into the direction of the corresponding OLS estimates
(Bound et al., 1995). Thus, we check whether our instruments are only weakly correlated with the endogenous explanatory variables. With more than one endogenous
regressor, high values of conventional F -statistics on the excluded instruments in the
first stages are not sufficient to rule out problems of weak identification. We therefore
report first stage F -statistics constructed as proposed in Angrist and Pischke (2009):
A given endogenous explanatory variable is regressed on the first-stage predictions
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of all other endogenous regressors and on all exogenous variables. The residuals
of this regression are regressed on the excluded instruments. The Angrist-Pischke
F -statistic is then computed as the F -statistic on the hypothesis that the coefficients
on the excluded instruments are jointly zero in this regression. Critical values of
this statistic are unavailable, but as a rule of thumb, values greater than 10 indicate
that weak instruments should not be a major concern (Angrist and Pischke, 2009,
p.213).25 We report the values of these F -statistics at the bottom of Table 2. The
value for the growth of average rich consumption is around 29 for the specifications
4 to 6, indicating that the lag of the average log income of rich households and the
lagged growth of the 80th percentile are informative instruments for this variable.
Likewise, the values for the changes in employment status are outside the problematic
range. Table A3 in the appendix reports the first stage regressions for the results
in columns 4 to 8. A higher level of lagged average log income of rich households
predicts lower growth of average consumption in the rich group. Similarly, a higher
lagged growth in the 80th percentile of the labour earnings distribution implies lower
current growth of average rich consumption.26
Just-identified specifications. Column 7 reports the results of a GMM estimation using only lagged average income of the rich as instrument for the growth
in rich consumption. Since this variable was estimated out of the BHPS sample,
one might be worried that the measurement error in this variable is correlated with
the measurement error in the main independent variable. Column 8 therefore shows
estimates using only the lagged growth of the 80th percentile as instrument for the
growth of average rich consumption. Because this variable is taken from the much
larger ASHE, it is unlikely to be correlated with the sampling variation of the BHPS.
In both cases, the estimate of γ remains at a small positive value and not statistically
different from zero.
Discussion. Overall, we find no evidence of an effect of the change in the
25

Sanderson and Windmeijer (2013) criticise that this procedure does not take into account that
a linear projection of the other endogenous variables is partialled out instead of the variables
themselves.
26
We checked the robustness of our findings to using a Limited Information Maximum Likelihood
(LIML) estimator which is known to be less subject to finite sample bias than GMM in the
presence of weak instruments (Flores-Lagunes, 2007). Throughout, the estimates of γ remained
virtually unchanged.
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average consumption among rich households on the consumption growth of nonrich households. Our findings therefore differ qualitatively from the two existing
studies on relative concerns for the consumption of neighbouring households in the
intertemporal allocation of expenditure. Ravina (2007) and Alvarez-Cuadrado et al.
(2012) report estimates of γ between 0.20 and 0.30 that are significantly different
from zero. Our paper differs from these studies in that the reference point is provided
by rich households who are not part of the study sample of non-rich households. In
Ravina (2007) the measure of reference group consumption are city-level sales, while
in Alvarez-Cuadrado et al. (2012) it is the average consumption among all other
households living in the same census tract. In unreported estimations we changed the
reference point for a given non-rich household from average rich consumption to the
average consumption among all other non-rich observations, leaving the rest of our
estimation strategy unchanged. The coefficient estimates in the GMM specifications
increased to sizes between 0.23 and 0.27 with p-values between 0.03 and 0.06. This is
basically the same range of values found in previous studies (Ravina, 2007; AlvarezCuadrado et al., 2012), which is both a very remarkable and reassuring finding for
our main estimates.
There is a methodological advantage of our focus on “trickle-down” externalities
of the consumption of rich households: As recently argued by Angrist (2014), a
clear separation of individuals who provide the reference point from the individuals
that are part of the study sample might help to overcome mechanical correlations
between own and reference group outcomes in social interaction models. Our strategy
implicitly assumes that rich households choose their consumption independently of
non-rich households’ consumption. This assumption can be justified by the evidence
in the happiness literature suggesting that comparisons are upward rather than
downward (Ferrer-i Carbonell, 2005; Senik, 2009; Card et al., 2012).
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5

Robustness checks

5.1

Alternative definitions of reference groups

A potential reason for the zero finding is that a purely geographic definition of reference groups is inadequate to capture the relative concerns that are actually important
in the choices of non-rich households. Other studies of interdependent preferences
often assume that households compare themselves primarily with households that
share certain demographic characteristics (Alessie and Kapteyn, 1991; Maurer and
Meier, 2008; Lewbel et al., 2013). To explore this idea, we synthesize the geographic
definition of reference groups used so far with definitions along two demographic
dimensions, namely educational attainment and age cohort. Both dimensions have
the advantage that they are (almost) constant over our sample period.27
First, we classify households into five groups according to the highest education
level achieved by the head over the sample period (less than GCSE/O-level, GCSE/Olevel, A-level, HND, university degree). Within each educational group, government
office region and year, we compute the average consumption of those whose current
labour earnings exceed the 80th percentile of the region-level earnings distribution.
We subsequently drop these “rich” observations from our sample and repeat our main
estimations.28 Columns 1-3 in Table 3 present the results of this exercise. OLS results
are shown in column 1. Column 2 shows GMM results instrumenting the change in
rich consumption with lagged average rich income, while column 3 adds the lagged
change in the fraction of spouses employed in the rich group as an instrument.29
Across specifications, the coefficient estimates are of small economic size and not
statistically significant. Second, we repeat the exercise but instead of educational
attainment we classify households into 8-year cohorts according to the age of the
head of household in 1997. The results of this exercise are presented in columns 4-6.
Although the coefficient estimates remain insignificant, GMM results are larger in
27

Only around 2 percent of the observations in our sample are out of households for which the
educational attainment of the head changes over the sample period.
28
We conducted the sample selection in the same way as before. Among others, we again deleted
cells with less than 10 rich observations.
29
We could no longer use the lagged growth in 80th percentile of the region-level earnings distribution
as an instrument here because this variable does not vary across educational groups or age cohorts
within a given region.
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size than previously. However, the first-stage F -statistics indicate problems of weak
identification, suggesting that these estimates should be taken with caution. Overall,
we conclude that our main results are robust to alternative definitions of reference
groups.

5.2

Exogenous effects

It is possible that exogenous effects in the sense of Manski (1993) lead to biased
estimates of the parameter γ due to omitted variables. That is, exogenous characteristics of rich households that influence their consumption behaviour could exert a
direct influence on the consumption behaviour of non-rich households. To account
for this possibility, we add changes in the average numbers of adults and children, the
change in the average age of the head of household as well as the growth of average
log income among rich households as controls in our specifications. We encountered
problems of weak instruments in this exercise. To deal with these problems, we only
check robustness of the specification without employment status dummies, reducing
the number of variables that need to be instrumented. In addition, we reduce the
degree of overidentification and estimate just-identified specifications, which are likely
to be more robust in the presence of weak instruments (Angrist and Pischke, 2009,
p.209). We instrument the change in rich consumption with the lagged growth of the
80th percentile of the earnings distribution. As an instrument for the change in rich
income we use lagged average log total family hours worked among rich households.
We treat changes in average age and family composition among rich households
as exogenous. The results of this exercise are shown in Table 4. Throughout, the
estimate of γ remains at a small positive value and not statistically significant,
suggesting that exogenous effects are not an important confounding factor in our
analysis.

5.3

Liquidity constraints

Our model assumes that households are not liquidity constrained. However, in real
life some households are likely to be constrained. While in our previous analysis we
excluded households from the low income sample and households with a very young
28

head (less than 20) to account for liquidity constraints, it may well be the case that
this selection is not stringent enough. Therefore, we repeat our main estimations
applying another method of identifying liquidity-constrained households.
Estimating Euler equations using data from the PSID, Alan et al. (2009) exclude
household observations that do not bring forward any liquid assets to the current
period. Since the BHPS does not provide information on asset holdings, we instead
exclude observations who report zero current investment income. This reduces
our sample size from 10,037 to 4,105 observations, while the number of counties
remains 50. Table 5 reports the results of these estimations. Notably, the change in
employment status of the head of household is no longer a significant determinant of
consumption growth, while the change in the employment status of spouse still enters
significantly at the 1 percent level. However, even though the coefficient estimates
on the growth of rich consumption increase to values between 0.05 and 0.07, they
remain statistically insignificant. This suggests that liquidity constraints are not
responsible for our previous findings.

5.4

Interval censoring

Taking midpoints of the expenditure bins may induce non-classical measurement
error in both the dependent and the independent variables. Both cases would give
rise to a bias of our parameter estimates whose direction is unknown (Angrist and
Krueger, 1999, p.1341). If measurement error in the consumption of individual rich
households is non-classical, it may no longer be removed through averaging over
all rich observations in a county and year. However, we expect the problem to be
more severe for our dependent variable, i.e. own consumption growth, where we
do not average over several observations. To address this concern, we reestimate
the OLS specifications of the Euler equation using interval regression (Stewart,
1983), a generalisation of the Tobit model that allows the dependent variable to
be measured in potentially overlapping bands of arbitrary size. We calculate the
minimum and maximum possible consumption growth for each observation according
to the expenditure bins, setting the values to missing if expenditure in any of the two
periods is in the highest category. This slightly reduces the number of observations
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available for this robustness check. Table 6 shows the results of this exercise. Columns
1-3 show OLS estimates while columns 4-6 report the corresponding results of interval
R

regressions. As can be seen, the coefficient estimates on ∆ĉi,t increase in the latter
specifications, even though they remain of small economic size and not statistically
significant. The coefficient estimates on the other independent variables in the
interval regressions are very similar to their OLS counterparts. While this exercise
indicates that taking midpoints biases our estimate of γ toward zero, the bias does
not seem big enough to account for our main finding, i.e. the lack of upward-looking
relative concerns among non-rich households. This is reassuring, and consistent with
the results in Etheridge (2012), who demonstrates that taking midpoints of banded
consumption data should not give rise to economically meaningful biases.

5.5

Heterogeneous relative concerns

This subsection investigates the possibility that some households –depending on their
own characteristics or those of their location– might be more prone than others to
respond to the consumption of rich households in their reference group. We checked
for the presence of such heterogeneous effects using both OLS and GMM. However,
including interaction terms increased the number of endogenous explanatory variables,
leading to weak instrument problems in many of the GMM estimations. We therefore
only report OLS results, and explore heterogeneity across six dimensions, namely:
inequality in the county, population density in the county, age of the household head,
marital status of the household head, educational attainment of the household head,
and income of the household head.
Inequality. Column 1 of Table 7 exploits the idea that the effect might differ
according to the degree of inequality in an area. A higher degree of inequality means
that rich households are “further away” from non-rich households and the society
in a county is more segregated. Non-rich households in high inequality areas may
therefore be less likely to compare themselves to their rich co-residents. Additionally,
one could argue that consumption as a signal for status will be more effective if the
difference in income between the two groups is less clear-cut. Accordingly, we would
expect the effect to be greater if inequality is lower. Since inequality is potentially
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endogenous, we measure inequality in a given county by the 90-50 ratio of the
earnings distribution in 1997, the baseline year of our sample.30 Subsequently, we
divide our sample at the median into a high inequality and a low inequality group,
and define the dummy variable LowIneq, which takes a value of 1 if the observation
is from a county which was classified as a low inequality area according to a median
split of our sample along the 90/50-ratio of the county-level earnings distribution in
1997, and 0 otherwise.31 The estimated coefficient on the interaction of the growth of
average rich consumption with the low inequality dummy is positive and significantly
different from zero at the 10 percent level. Accordingly, in low inequality areas an
increase in the growth of rich consumption by 1 percentage point leads to an increase
in own consumption growth by about 0.09 percentage points.
Population density. One mechanism behind the potential effect of rich consumption on non-rich consumption is the search for status by non-rich households
(Frank, 1985). In his “Theory of the Leisure Class”, Veblen (1899) stressed that such
costly ways of status signalling will have a more prominent role if social interactions
are more anonymous, as it is the case in cities. Moreover, recent evidence in the
happiness literature suggests that city dwellers compare their incomes to the incomes
of their peers more intensely than residents of more rural areas (Clark and Senik,
2010, p.584). These points imply that the effect should be increasing in the population density of an area. On the other hand, one could argue that the visibility of
consumption is greater if population density is lower, leading to the opposite effect.
We again measure population density by its baseline value in 1997 and divide the
sample into a high and a low density group, defining the dummy variable LowDens,
which takes a value of 1 if the observation is from a county which was classified as a
low density area according to a median split of our sample along residents per square
kilometer in 1997, and 0 otherwise.32 The estimates shown in column 2 indicate that,
consistent with the ideas in Veblen (1899), relative concerns (for consumption at the
top) are more important in areas with higher population density.
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A different strategy would be to instrument the current level of inequality with its value in 1997.
Since following this strategy led to weak instrument problems, we decided to instead use the
baseline value directly.
31
The 90th percentile of the earnings distribution was not available for all counties in our sample,
leading to a slight reduction in sample size. The data source is the ASHE.
32
The data source is the mid-year population estimates from the ONS.
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Age. Relative concerns could vary by age group. On the one hand, younger
individuals switch their job and their social environment more often. Therefore,
they engage more often in anonymous social interactions. Also, younger individuals
may feel a stronger need to signal status through consumption to set themselves
apart from their peers whose average incomes are still comparatively low. These
points imply that younger individuals could be more prone to emulate the spending
habits of the rich. On the other hand, increasing age may capture the effect of the
relaxing of liquidity constraints (Attanasio et al., 1999). Households facing liquidity
constraints may not react to changes in the growth in rich consumption, so the effect
could be increasing in age. We construct the dummy variable Old that takes the
value 1 if the head of household is aged above 42 and 0 otherwise. This value is in
the middle of the age range in our sample (20-64) and again roughly divides the
sample by half. The results shown in column 3 give no indication for different effects
across age groups.
Marital status. Competition for marriage partners might induce individuals
to act as if they had relative concerns in consumption (Hopkins, 2008). In the
present case, married individuals may feel less need to signal status through imitating
the consumption of rich households. Column 4 examines whether the effect differs
between households whose head is married and households whose head is unmarried.
We define the dummy variable M arried−1 , which takes a value of 1 if the head of
the household was married in the previous year.33 We find no empirical support
R

for this hypothesis: The point estimate on ∆ĉ × M arried−1 is positive, albeit not
statistically significant.
Education. While emulating the consumption of the rich may be one way of
achieving status, another way could be the accumulation of human capital.34 Thus,
individuals with higher educational attainment may feel less need to signal status
through consumption. In column 5, the dummy variable LowEduc−1 takes the value
1 if the lagged educational attainment of the head is below A-level and 0 otherwise.
As expected, the coefficient on the growth of rich consumption decreases in size and
33

The married dummy is lagged because if the hypothesized mechanism was true, marital status
would be endogenous.
34
See the recent work by Moav and Neeman (2012) based on a trade-off between conspicuous
consumption and human capital as signals for unobserved income.
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the coefficient on the interaction term is positive and marginally significant. This
points to the presence of relative concerns (albeit weak) for households whose head
has lower educational attainment.
Income. Frank et al. (2010) argue that households compare their consumption
to the consumption of those who are located only slightly higher in the income
distribution. Thus, while the consumption of the rich may be a reference point for
the middle class, lower income households may instead compare their consumption to
the consumption of middle-income households. We explore this possibility in column
6. The dummy M iddleInc−1 takes a value of 1 if the lagged earnings of the main
earner exceeded the median of the county-level earnings distribution and 0 otherwise.
Consistent with the ideas in Frank et al. (2010), the coefficient estimate on the
interaction term of this dummy with the growth in rich consumption is positive,
while the estimate on the growth in rich consumption is now even closer to zero.
However, neither of the estimates are significantly different from zero.
Adjusting for multiple testing. If we estimate equations (1)-(6) simultaneR

R

ously and test the null hypothesis that the coefficients on ∆ĉ × LowIneq, ∆ĉ ×
R

R

R

R

LowDens, ∆ĉ ×Old, ∆ĉ ×M arried−1 , ∆ĉ ×LowEduc−1 , and ∆ĉ ×M iddleInc−1
are all zero, the Wald test generates a χ2 value (with 6 degrees of freedom) of 13.19,
with an associated p-value of 0.0400. Hence, we reject the null hypothesis at the 5%
level. All in all, we find some (correlational) evidence of heterogeneous effects across
county and household characteristics. In particular, there are relative concerns (for
consumption at the top) in counties with relatively low income inequality or relatively high population density. Households whose head has relatively low educational
attainment are also subject to relative concerns for consumption at the top, which is
consistent with a trade-off between conspicuous consumption and human capital as
signals for unobserved income (Moav and Neeman, 2012).

5.6

Attrition

Attrition can lead to biases in panel data estimations if it is not random, even if the
variables that predict attrition are conditioned on (Wooldridge, 2010, p.828). Testing
for non-random attrition is straightforward if all units are observed in the base period
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and attrition is an absorbing state. However, our sample selection procedure, in
particular the deletion of small cells, leads to a different structure of our dataset:
Not all households are observed in the base period and households are allowed to
re-enter after they have left the sample.
We tested for non-random attrition in the following way: For each time period
we constructed a dummy variable equal to 1 if the household leaves the sample in
the next period. Subsequently, we simultaneously estimated a set of regressions with
observable household characteristics in the given period as the vector of dependent
variables and the attrition dummy as the independent variable. We then tested
the hypothesis that the coefficients on the dummy variable are jointly zero in these
regressions. This procedure yielded evidence for non-random attrition. In particular,
leavers had a significantly lower income than stayers. This form of attrition has been
observed in previous studies of the BHPS. However, according to these studies, the
effect is of limited economic magnitude (Jenkins, 2010). We repeated the procedure
with a dummy variable equal to 1 if the household has joined the sample in a given
period. Joiners are significantly younger and less often married than households
that have already been in the sample in the previous period. This is to be expected
because they are often off-springs of initial sample members. One concern is that
these households may be liquidity-constrained, rendering the Euler equation approach
inadequate. However, the robustness check above that applies a narrower definition
of liquidity constraints indicates that this is not a major concern.
Reassuringly, there were only very few cases in which own consumption growth
or the growth of rich consumption were significant predictors of joining or leaving
the sample. Thus, while the possibility of non-random joining or leaving should
lead one to interpret our results cautiously, we do not expect it to have a major
influence. Given the small magnitude of our coefficients estimates, it is unlikely that
the qualitative direction of our results would be affected.35
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In addition, we reestimated our main specifications using only those households who are observed
in every time period that their county of residence appears in our sample. Our results remained
very similar.
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5.7

Additional checks

We conducted a range of additional robustness checks that we do not report but are
available upon request. Amongst others, we changed the definition of the dependent
variable from the growth rate of the average consumption to the average growth
rate of consumption among rich households. This formulation is equivalent to the
one used in Maurer and Meier (2008). Moreover, we checked robustness to using
different thresholds in our classification of “rich” and “non-rich” such as the 70th
and the 75th percentile. Similarly, we repeated the exercise at the higher, regional
level. The number of rich observations in each cell increased in these cases, making
the estimates of mean consumption and income among rich households less noisy.
Throughout, the results of these additional robustness checks were very similar to
our primary findings. That is, the estimates of γ remained statistically insignificant
and small in absolute size.
Finally, we also examined potential effects on the intratemporal allocation of
expenditure, exploiting the insight that relative concerns might primarily apply to socalled status and positional goods with a high degree of visibility (Frank, 1985; Heffetz,
2011; Quintana-Domeque and Turino, 2013). Decomposing total food consumption
into a more visible (food consumed at restaurants) and a less visible component (food
consumed at home), we conducted a test for conspicuous consumption proposed in
De Giorgi et al. (2012). Accordingly, an increase in rich consumption of visible goods
should induce non-rich households to shift expenditure away from non-visible and
towards visible goods. We find no evidence for this hypothesis. While coefficient
estimates go into the expected direction, they are not significantly different from
zero.

6

Conclusion

This paper contributes to the literature on relative concerns for the consumption
of rich households among non-rich households. Whereas previous studies examine
effects of such relative concerns on savings rates in a static setting (Frank et al., 2010;
Bertrand and Morse, 2013), we test their implications in the context of a dynamic
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model assuming forward-looking households. We estimate the Euler equation implied
by this model on household food consumption data from the UK.
According to both our OLS and GMM estimates, for the population of non-rich
individuals as a whole, there is no evidence of relative concerns for consumption at
the top. These results are robust to alternative definitions of the reference group,
the presence of exogenous effects and liquidity constraints, and the use of interval
regressions. Our findings differ qualitatively from those in Bertrand and Morse
(2013), who document that higher incomes and consumption among rich households
have induced non-rich households in the US to consume a larger fraction of their
incomes. According to our main estimates, upward-looking comparisons do not
generally exert a strong influence on consumption outcomes.
However, we find some (correlational) evidence of heterogeneous effects across
county and household characteristics, which is robust to simultaneous estimation. In
particular, there are relative concerns (for consumption at the top) in counties with
relatively low income inequality –consistent with the idea that non-rich households in
low inequality areas are more likely to compare themselves to their rich co-residents–
or relatively high population density –consistent with the idea that consumption
as signal for status will have a more prominent role if social interactions are more
anonymous. Households whose head has relatively low educational attainment are
also subject to relative concerns for consumption at the top, which is consistent
with a trade-off between conspicuous consumption and human capital as signals for
unobserved income (Moav and Neeman, 2012).
The suggestive evidence for relative concerns in low inequality areas indicates
that increasing top income shares could have an ambiguous effect: When income
growth concentrates at the top, middle-class households will be exposed to higher
consumption among their rich co-residents. At the same time, however, the society
might become more segregated. Consequently, the consumption of rich co-residents
may become less relevant as a reference point in the consumption choices of poorer
households. As a result, increasing income inequality may not necessarily induce
non-rich households to adjust their consumption choices to keep up with their rich
co-residents.
We have discussed several caveats that should be kept in mind in the interpretation
36

of our main findings. Among others, it is important to remember that the model
tested in this paper implies that higher growth of the consumption of rich households
induces non-rich households to adopt a path with lower initial consumption but with
a higher consumption growth rate. This restriction could be too strong to adequately
capture the consumption behaviour of these households.
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Figure 2: Characteristics of total food consumption
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kernel. The bandwidth is 1.5 for age and 5000 for income. The sample includes all
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of net disposable household income.
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average 80/50-ratio of the county-level distributions of gross earnings from paid
employment against year. The sample is the study sample of county-year cells
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Table 1: Euler equation: Summary statistics
Variable

Mean

Std. dev.

Min

Max

Ĉ
ĉ
∆ĉ

3,870.79
8.121
0.008

1,945.33
0.565
0.339

212.641
5.360
-2.693

14,218.59
9.562
2.130

Y
M ainEarnings

19,526.67
14,141.98

9,899.47
8,555.02

821.08
0

82,852.13
39,987.07

Age
F emale
nadults
nchildren
M arried

43.891
0.306
1.869
0.627
0.465

11.239
0.461
0.806
0.952
0.499

20
0
1
0
0

64
1
6
7
1

GCSE
ALevel
AboveALevel

0.361
0.227
0.180

0.480
0.419
0.385

0
0
0

1
1
1

P aidEmployed
Self Employed
SpouseEmployed

0.719
0.123
0.427

0.450
0.329
0.495

0
0
0

1
1
1

England
Scotland
W ales

0.895
0.073
0.032

0.307
0.260
0.176

0
0
0

1
1
1

ln(80thP ercentile)
Number of rich observations per cell

10.220
21.946

0.153
10.348

9.918
10

10.597
52

ĉ
R
∆ĉ
yR

8.525
0.005
10.503

0.101
0.083
0.138

8.135
-0.285
10.046

8.831
0.361
10.846

N
N first differences
N households
N counties

13,490
10,037
2,914
50

R

Sample period: 1997-2008. All monetary variables are deflated to 2000 prices using
the overall CPI and the two components for food consumption. ˆ denotes observed.
Definition of variables: Ĉ is the total household food consumption (it includes both
food consumed at home and at restaurants) of households classified as non-rich (below
the 80th percentile); ĉ is the log of Ĉ; ∆ĉ is the change (first-difference) in ĉ; Y is the
current household net disposable income (sum of labour income, investment income,
pension income and benefit income of all household members after taxes, National
R
insurance contributions and other deductions) of households classified as non-rich; ĉ
is the average log consumption of food among households classified as rich (above the
R

R

80th percentile); ∆ĉ is the change (first-difference) in ĉ ; y R is the average log of
current household net disposable income among rich households. Summary statistics
are computed using the BHPS sampling weights.
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(-.040, .070)

10,037
2,914
50
0.09

No
Yes
Yes
Yes

(-.040, .066)

10,037
2,914
50
0.09

Yes
Yes
Yes
Yes

(-.042, .065)

10,037
2,914
50
0.10

Yes
Yes
Yes
Yes

(-.142, .192)

29.66

10,037
2,914
50
0.09
0.03
0.86

No
Yes
Yes
Yes

-0.487
(0.088)∗∗∗

0.021
(0.087)

GMM

(4)
∆ĉ

(-.145, .198)

28.99

10,037
2,914
50
0.09
0.05
0.82

Yes
Yes
Yes
Yes

-0.487
(0.087)∗∗∗

0.026
(0.088)

GMM

(5)

(-.165, .189)

28.91
101.56
214.20

10,037
2,914
50
0.10
0.00
0.95

Yes
Yes
Yes
Yes

0.111
(0.030)∗∗∗

0.112
(0.043)∗∗∗

-0.440
(0.087)∗∗∗

0.012
(0.090)

GMM

(6)

(-.189, .207)

36.29
201.34
427.63

10,037
2,914
50
0.10
0.00

Yes
Yes
Yes
Yes

0.110
(0.030)∗∗∗

0.112
(0.043)∗∗∗

-0.439
(0.087)∗∗∗

0.009
(0.101)

GMM

(7)

(-.344, .389)

10.66
201.75
428.62

10,037
2,914
50
0.10
0.00

Yes
Yes
Yes
Yes

0.110
(0.030)∗∗∗

0.112
(0.043)∗∗∗

-0.440
(0.087)∗∗∗

0.023
(0.187)

GMM

(8)

(below the 80th percentile). ∆ĉ is the change in the average log consumption of food among households classified as rich (above the 80th percentile). Demographic controls
include the change in the number of adults and changes in the number of children aged 0-2, 3-4, 5-11, 12-15 and 16-18 in the household. The business cycle indicator is the
county-level employment rate. In the GMM estimations 4-6 the change in rich consumption is instrumented with the lagged average log income of rich households and the
lagged growth in the 80th percentile of the county-level earnings distribution, while 7 only uses lagged rich income and 8 only uses the lagged growth in the 80th percentile.
Changes in labour market status are instrumented with the lagged labour market status. Standard errors are clustered at the county level and are reported in parentheses.
∗ , ∗∗ and ∗∗∗ denote significance at the 10 percent, 5 percent and 1 percent level.

R

Sample period: 1997-2008. ˆ denotes observed. ∆ĉ is the change (first-difference) in the log of the total household food consumption of households classified as non-rich

95-percent confidence interval for γ

Angrist-Pischke first stage (multivariate) F-stat:
R
∆ĉ
∆HeadEmployed
∆SpouseEmployed

N observations
N households
N counties
R2
Hansen J -stat
J -stat p-value

Business cycle indicator
Demographic controls
Year dummies
County dummies

0.079
(0.014)∗∗∗

-0.447
(0.086)∗∗∗

0.012
(0.027)

OLS

∆SpouseEmployed

-0.484
(0.088)∗∗∗

0.013
(0.027)

OLS

(3)

0.104
(0.016)∗∗∗

-0.486
(0.088)∗∗∗

0.015
(0.028)

OLS

(2)

∆HeadEmployed

∆Age2 / 1000

∆ĉ

R

Dependent variable:

(1)

Table 2: Euler equation: Main results

Table 3: Euler equation: Alternative definitions of reference groups
(1)
Reference group definition:

(2)

(3)

Region and education

Dependent variable:

∆ĉ

(4)

(5)

(6)

Region and birth cohort
∆ĉ

R

Employment status changes
Business cycle indicator
Demographic controls
Year dummies
Reference group dummies
N observations
N households
N reference groups
R2
Hansen J -stat
J -stat p-value

OLS

GMM

GMM

OLS

GMM

GMM

0.036
(0.032)

0.023
(0.086)

0.073
(0.071)

0.006
(0.035)

0.172
(0.197)

0.183
(0.197)

Yes
Yes
Yes
Yes
Yes

Yes
Yes
Yes
Yes
Yes

Yes
Yes
Yes
Yes
Yes

Yes
Yes
Yes
Yes
Yes

Yes
Yes
Yes
Yes
Yes

Yes
Yes
Yes
Yes
Yes

13,513
4,022
40
0.09

13,513
4,022
40
0.09
0.00

13,513
4,022
40
0.09
1.24
0.27

13,059
3,728
42
0.08

13,059
3,728
42
0.08
0.00

13,059
3,728
42
0.08
0.11
0.74

20.49
199.11
442.70

16.93
106.39
226.75

6.05
148.05
199.88

4.49
74.14
100.40

Angrist-Pischke first stage multivariate F-stat:
R
∆ĉ
∆HeadEmployed
∆SpouseEmployed

Sample period: 1997-2008. ˆdenotes observed. The study sample includes only non-rich observations (below
the 80th percentile) in their region-education-year cell (columns 1-3) or region-cohort-year cell (columns 4-6).
∆ĉ is the change (first-difference) in the log of the total household food consumption of households classified
R

as non-rich (below the 80th percentile). ∆ĉ is the change in the average log consumption of food among
households classified as rich (above the 80th percentile) in a given cell. In the GMM estimations 2 and 5 the
change in rich consumption is instrumented with the lagged average log income of rich households. Columns
3 and 6 add the lagged change in the fraction of spouses employed in the rich group. Changes in labour
market status are instrumented with the lagged labour market status. Standard errors are clustered at the
reference group level and are reported in parentheses. *, ** and *** denote significance at the 10 percent, 5
percent and 1 percent level.
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Table 4: Euler equation: Exogenous effects
(1)

(2)

(3)

(4)

(5)

(6)

OLS

OLS

OLS

GMM

GMM

GMM

0.013
(0.027)

0.045
(0.044)

0.042
(0.049)

0.065
(0.190)

0.075
(0.225)

0.075
(0.228)

0.000
(0.002)

0.000
(0.002)

-0.000
(0.003)

-0.000
(0.003)

-0.056
(0.033)*

-0.058
(0.032)*

-0.063
(0.060)

-0.063
(0.071)

0.013
(0.021)

0.013
(0.021)

0.010
(0.034)

0.010
(0.034)

Dependent variable:

∆ĉ

R

∆ĉ

R

∆Age

R

∆nadults

∆nchildren

R

∆y R

Business cycle indicator
Demographic controls
Year dummies
County dummies
N observations
N households
N counties
R2
Hansen J -stat

0.013
(0.046)

-0.000
(0.216)

Yes
Yes
Yes
Yes

Yes
Yes
Yes
Yes

Yes
Yes
Yes
Yes

Yes
Yes
Yes
Yes

Yes
Yes
Yes
Yes

Yes
Yes
Yes
Yes

10,037
2,914
50
0.09

10,037
2,914
50
0.09

10,037
2,914
50
0.09

10,037
2,914
50
0.09
0.00

10,037
2,914
50
0.09
0.00

10,037
2,914
50
0.09
0.00

10.66

14.62

11.53
15.21

Angrist-Pischke first stage (multivariate) F-stat:
R
∆ĉ
∆y R

Sample period: 1997-2008. ˆdenotes observed. ∆ĉ is the change (first-difference) in the log of the total household
R

food consumption of households classified as non-rich (below the 80th percentile). ∆ĉ is the change in the
average log consumption of food among households classified as rich (above the 80th percentile). In the GMM
estimations the change in rich consumption is instrumented with the lagged growth in the 80th percentile of the
county-level earnings distribution. In column 6 the change in rich income is instrumented with lagged average
total family hours worked among rich households. Standard errors are clustered at the county level and are
reported in parentheses. *, ** and *** denote significance at the 10 percent, 5 percent and 1 percent level.
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Table 5: Euler equation: Households with positive current investment income
(1)

(2)

(3)

Dependent variable:

∆ĉ

R

(6)

OLS

OLS

GMM

GMM

GMM

0.068
(0.043)

0.067
(0.043)

0.069
(0.044)

0.067
(0.148)

0.070
(0.148)

0.050
(0.142)

∆SpouseEmployed

N observations
N households
N counties
R2
Hansen J -stat
J -stat p-value

(5)

OLS

∆HeadEmployed

Business cycle indicator
Demographic controls
Year dummies
County dummies

(4)
∆ĉ

0.034
(0.021)

0.023
(0.064)

0.078
(0.021)***

0.136
(0.049)***

No
Yes
Yes
Yes

Yes
Yes
Yes
Yes

Yes
Yes
Yes
Yes

No
Yes
Yes
Yes

Yes
Yes
Yes
Yes

Yes
Yes
Yes
Yes

4,105
1,555
50
0.11

4,105
1,555
50
0.11

4,105
1,555
50
0.12

4,105
1,555
50
0.11
1.57
0.21

4,105
1,555
50
0.11
1.65
0.20

4,105
1,555
50
0.11
1.34
0.25

28.47

28.23

28.35
25.84
109.19

Angrist-Pischke first stage (multivariate) F-stat:
R
∆ĉ
∆HeadEmployed
∆SpouseEmployed

Sample period: 1997-2008. ˆ denotes observed. ∆ĉ is the change (first-difference) in the log of the total household
R

food consumption of households classified as non-rich (below the 80th percentile). ∆ĉ is the change in the average
log consumption of food among households classified as rich (above the 80th percentile). In the GMM estimations
the change in rich consumption is instrumented with the lagged average log income of rich households and the
lagged growth in the 80th percentile of the county-level earnings distribution. Changes in labour market status
are instrumented with the lagged labour market status. Standard errors are clustered at the county level and are
reported in parentheses. *, ** and *** denote significance at the 10 percent, 5 percent and 1 percent level.
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Table 6: Euler equation: Interval regression results
(1)

(2)

(3)

Dependent variable:

∆ĉ

R

∆Age2 / 1000

(4)

(5)

(6)

∆ĉ
OLS

OLS

OLS

INTREG

INTREG

INTREG

0.017
(0.029)

0.015
(0.028)

0.015
(0.028)

0.038
(0.028)

0.036
(0.027)

0.036
(0.027)

-0.500
(0.090)***

-0.499
(0.090)***

-0.459
(0.088)***

-0.509
(0.095)***

-0.508
(0.095)***

-0.468
(0.093)***

∆HeadEmployed

0.105
(0.016)***

0.104
(0.015)***

∆SpouseEmployed

0.080
(0.014)***

0.076
(0.014)***

Business cycle indicator
Demographic controls
Year dummies
County dummies
N observations
N households
N counties
R2
Log pseudolikelihood

No
Yes
Yes
Yes

Yes
Yes
Yes
Yes

Yes
Yes
Yes
Yes

No
Yes
Yes
Yes

Yes
Yes
Yes
Yes

Yes
Yes
Yes
Yes

9,826
2,873
50
0.09

9,826
2,873
50
0.09

9,826
2,873
50
0.10

9,826
2,873
50

9,826
2,873
50

9,826
2,873
50

-8778.9614

-8778.6522

-8735.9402

Sample period: 1997-2008. ˆ denotes observed. ∆ĉ is the change (first-difference) in the log of the total
R

household food consumption of households classified as non-rich (below the 80th percentile). ∆ĉ is the
change in the average log consumption of food among households classified as rich (above the 80th percentile).
In the interval regressions 4-6 the interval for the dependent variable for each observation is bounded by the
minimum and maximum possible consumption growth according to the bins. Standard errors are clustered
at the county level and are reported in parentheses. *, ** and *** denote significance at the 10 percent, 5
percent and 1 percent level.
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Table 7: Euler equation: Heterogeneous relative concerns
(1)

(2)

(3)

(4)

(5)

(6)

OLS

OLS

OLS

OLS

OLS

OLS

-0.018
(0.032)

0.086
(0.040)**

0.008
(0.057)

-0.021
(0.056)

-0.055
(0.042)

-0.003
(0.047)

Dependent variable:

∆ĉ

R

R

∆ĉ × LowIneq

∆ĉ

0.104
(0.060)*

R

∆ĉ × LowDens

-0.128
(0.057)**

R

∆ĉ × Old

0.010
(0.097)

Old

-0.001
(0.010)

R

∆ĉ × M arried−1

0.077
(0.082)

M arried−1

-0.010
(0.004)**

R

∆ĉ × LowEduc−1

0.114
(0.069)*

LowEduc−1

-0.005
(0.003)*

R

∆ĉ × M iddleInc−1

0.037
(0.067)

M iddleInc−1

-0.009
(0.005)*

Employment status changes
Business cycle indicator
Demographic controls
Year dummies
County dummies
N observations
N households
N counties
R2

Yes
Yes
Yes
Yes
Yes

Yes
Yes
Yes
Yes
Yes

Yes
Yes
Yes
Yes
Yes

Yes
Yes
Yes
Yes
Yes

Yes
Yes
Yes
Yes
Yes

Yes
Yes
Yes
Yes
Yes

9,618
2,879
47
0.09

10,037
2,914
50
0.09

10,037
2,914
50
0.09

10,037
2,914
50
0.09

10,037
2,914
50
0.09

10,037
2,914
50
0.09

Sample period: 1997-2008. ˆdenotes observed. ∆ĉ is the change (first-difference) in the log of the
total household food consumption of households classified as non-rich (below the 80th percentile).
R

∆ĉ is the change in the average log consumption of food among households classified as rich
(above the 80th percentile). LowIneq and LowDens are dummy variables indicating whether
an observation is from a county classified as a low inequality or a low density area according
to a median split of the sample along the values in 1997. These estimations do not directly
control for the dummy variables because these variables do not vary within counties and we
include county dummies. Old is a dummy variable indicating whether the head is aged above
42. M arried is a marital status dummy and LowEduc takes a value of 1 if the educational
attainment of the head is below A-Level. M iddleInc is a dummy variable indicating whether
the labour earnings of the main earner exceed the 50th percentile of the earnings distribution.
The controls are as explained previously. Standard errors are clustered at the county level and
are reported in parentheses. *, ** and *** denote significance at the 10 percent, 5 percent and
1 percent level.
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A

Appendix

A.1

Log-linearisation

This section provides the details of the log-linearisation of the Euler equation:



C̃i,t
βEt−1 (1 + ri,t ) exp (∆ψi,t )
C̃i,t−1

!−ρ 


= 1.

(1)

Taking a log-linear approximation of the term in brackets around a steady state
in which variables are either constant or grow at a constant rate gives:

C̃i,t
(1 + ri,t ) exp (∆ψi,t )
C̃i,t−1

!−ρ

= exp(ln(1 + ri,t ) + ∆ψi,t − ρ∆ ln C̃i,t )
∗
∗
≈ exp(ln(1 + ri∗ ) + ∆ψi,t
− ρ∆ ln C̃i,t
)
∗
∗
+ exp(ln(1 + ri∗ ) + ∆ψi,t
− ρ∆ ln C̃i,t
) [ln(1 + ri,t ) − ln(1 + ri∗ )]
∗
∗
+ exp(ln(1 + ri∗ ) + ∆ψi,t
− ρ∆ ln C̃i,t
) [∆ψt − ∆ψt∗ ]

h

∗
∗
∗
−ρ exp(ln(1 + ri∗ ) + ∆ψi,t
− ρ∆ ln C̃i,t
) ln C̃i,t − ln C̃i,t

h

i

i

∗
∗
∗
+ρ exp(ln(1 + ri∗ ) + ∆ψi,t
− ρ∆ ln C̃i,t
) ln C̃i,t−1 − ln C̃i,t−1
,

where asterisks denote steady state values of the variables. Now define the
constant:

∗
∗
K = exp(ln(1 + ri∗ ) + ∆ψi,t
− ρ∆ ln C̃i,t
).

Substituting the approximation back into the Euler equation (1) and ignoring
the non-log-linear component of consumption growth gives:



βEt−1 K + K [ln(1 + ri,t ) − ln(1 + ri∗ )]
h

+ K ∆ψi,t −

∗
∆ψi,t

i

h

− ρK ∆ ln C̃i,t −

∗
∆ ln C̃i,t

i

= 1.

(2)

In steady state, the Euler equation is given by βEt−1 [K] = 1. Taking logs gives:
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∗
∆ ln C̃i,t
=

1
1
1
ln β + ln(1 + ri∗ ) + ∆ψi∗ .
ρ
ρ
ρ

Subtracting from (2) the untransformed version of the steady state Euler equation,
dividing by βK and adding the logged version of the steady state Euler equation,
one obtains:

h

i

Et−1 ∆ ln C̃i,t =

A.2

1
1
1
ln β + Et−1 [ln(1 + ri,t )] + Et−1 [∆ψi,t ] .
ρ
ρ
ρ

Additional tables
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(3)

55
0.864
0.088
0.048

England
Scotland
W ales

(4)

36,683
9,185
140

10.196
16.296

0.855
0.094
0.051

0.682
0.126
0.405

0.351
0.204
0.181

44.461
0.334
1.872
0.651
0.474

19,054.83
13,291.64

3,787.23
0.011

Non-rich

7,571
2,437
62

10.214
22.132

0.900†††
0.069†††
0.032†††

0.903∗∗∗
0.068∗∗∗
0.029∗∗∗
10.192
20.747

0.684
0.129
0.399

0.348
0.208
0.189††

44.596
0.335
1.861
0.634
0.460†††

19,142.38
13,393.83

3,815.19
0.009

Non-rich

0.854
0.130
0.625

0.222
0.226
0.479

42.928
0.126
2.084
0.822
0.700

37,413.92
38,652.96

5,456.19
0.019

Rich

Less small cells

13,490
2,914
50

8.525
0.005
10.503

10.220
21.946

0.895
0.073
0.032

0.719
0.123
0.427

0.361
0.227
0.180

43.891
0.306
1.869
0.627
0.465

19,526.67
14,141.98

3,870.79
0.008

Non-rich

Euler sample

(7)

Sample period: 1997-2008. ˆ denotes observed. Summary statistics are computed using the BHPS sampling weights. ∗, ∗∗ and ∗ ∗ ∗ denote significant
difference of means as compared to column 3 at the 10 percent, 5 percent and 1 percent level. †, †† and † † † denote significant difference of means as
compared to column 4 at the 10 percent, 5 percent and 1 percent level.

21,137
5,978
62

11,348
3,340
140

10.180
16.038

0.888
0.078
0.034

0.860
0.126
0.639

0.233
0.234
0.465

42.814
0.120
2.094
0.843
0.713

37,255.28
38,319.02

5,429.61
0.017

Rich

(6)

N
N households
N counties

48,031
10,407
140

10.192
16.229

0.863
0.090
0.047

0.727
0.126
0.464

0.321
0.212
0.253

44.044
0.279
1.928
0.699
0.535

23,663.38
19,628.84

4,203.09
0.013

All

(5)

8.525
0.005
10.495

R

(3)

Less retired and full-time educ.

(2)

ĉ
R
∆ĉ
yR
72,437
13,813
140

0.466
0.086
0.320

P aidEmployed
Self Employed
SpouseEmployed

ln (80thP ercentile)
Number of rich observations per cell

0.266
0.171
0.208

53.862
0.340
1.781
0.463
0.486

20,228.38
13,547.88

3,688.23
0.008

All

GCSE
ALevel
AboveALevel

Age
F emale
nadults
nchildren
M arried

Y
M ainEarnings

Ĉ
∆ĉ

(1)

Table A1: Summary statistics and sample selection
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R

0.278
(0.013)***

0.288
(0.013)***

∆nadults

0.288
(0.013)***

-0.447
(0.086)***

-0.486
(0.088)***

∆Age2 / 1000
-0.484
(0.088)***

0.079
(0.014)***

0.003
(0.003)

0.012
(0.027)

OLS

∆SpouseEmployed

0.003
(0.003)

0.013
(0.027)

OLS

(3)

0.104
(0.016)***

0.015
(0.028)

OLS

(2)

∆HeadEmployed

EmploymentRate

∆ĉ

Dependent variable:

(1)

0.289
(0.013)***

-0.487
(0.088)***

0.021
(0.087)

GMM

(4)
∆ĉ

0.289
(0.013)***

-0.487
(0.087)***

0.003
(0.003)

0.026
(0.088)

GMM

(5)

0.003
(0.003)

0.012
(0.090)

GMM

(6)

0.275
(0.013)***

-0.440
(0.087)***

0.111
(0.030)***

0.112
(0.043)***

Table A2: Main results showing all controls

0.274
(0.013)***

-0.439
(0.087)***

0.110
(0.030)***

0.112
(0.043)***

0.003
(0.003)

0.009
(0.101)

GMM

(7)

0.274
(0.013)***

-0.440
(0.087)***

0.110
(0.030)***

0.112
(0.043)***

0.003
(0.003)

0.023
(0.187)

GMM

(8)

57

0.090
(0.010)***
0.131
(0.013)***
-0.102
(0.017)***
Yes
Yes

∆nchildren5_11

∆nchildren12_15

∆nchildren16_18

Year dummies
County dummies

R

(-.040, .070)

(-.040, .066)

10,037
2,914
50
0.09

Yes
Yes

-0.102
(0.017)***

0.131
(0.013)***

0.089
(0.010)***

0.034
(0.013)***

0.032
(0.014)**

(-.042, .065)

10,037
2,914
50
0.10

Yes
Yes

-0.102
(0.017)***

0.125
(0.012)***

0.085
(0.010)***

0.043
(0.013)***

0.046
(0.014)***

(-.142, .192)

29.66

10,037
2,914
50
0.09
0.03
0.86

Yes
Yes

-0.102
(0.017)***

0.130
(0.012)***

0.089
(0.010)***

0.034
(0.013)***

0.032
(0.014)**

(-.145, .198)

28.99

10,037
2,914
50
0.09
0.05
0.82

Yes
Yes

-0.102
(0.017)***

0.130
(0.012)***

0.089
(0.010)***

0.034
(0.013)***

0.032
(0.014)**

(-.165, .189)

28.91
101.56
214.20

10,037
2,914
50
0.10
0.00
0.95

Yes
Yes

-0.102
(0.017)***

0.123
(0.012)***

0.084
(0.010)***

0.046
(0.014)***

0.050
(0.016)***

(-.189, .207)

36.29
201.34
427.63

10,037
2,914
50
0.10
0.00

Yes
Yes

-0.102
(0.017)***

0.123
(0.012)***

0.084
(0.010)***

0.046
(0.014)***

0.050
(0.016)***

(-.344, .389)

10.66
201.75
428.62

10,037
2,914
50
0.10
0.00

Yes
Yes

-0.102
(0.018)***

0.123
(0.012)***

0.084
(0.010)***

0.046
(0.014)***

0.050
(0.016)***

Sample period: 1997-2008. ˆ denotes observed. ∆ĉ is the change in the average log consumption of food among households classified as rich (above the 80th percentile)
in a given county and year. In the GMM estimations 4-6 the change in rich consumption is instrumented with the lagged average log income of rich households and the
lagged growth in the 80th percentile of the county-level earnings distribution, while 7 only uses lagged rich income and 8 only uses the lagged growth in the 80th percentile.
Changes in labour market status are instrumented with the lagged labour market status. Standard errors are clustered at the county level and are reported in parentheses.
*, ** and *** denote significance at the 10 percent, 5 percent and 1 percent level.

95-percent confidence interval for γ

Angrist-Pischke first stage (multivariate) F-stat:
R
∆ĉ
∆HeadEmployed
∆SpouseEmployed

10,037
2,914
50
0.09

0.034
(0.013)***

∆nchildren3_4

N observations
N households
N counties
R2
Hansen J -stat
J -stat p-value

0.032
(0.014)**

∆nchildren0_2

Table A2: Main results showing all controls, continued
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(1)

(2)

OLS

OLS

(4)

10,037
2,914
50
0.10
101.56

0.038
(0.004)***

-0.188
(0.013)***

-0.004
(0.069)

0.048
(0.033)

OLS

∆HeadEmp

Column 6

10,037
2,914
50
0.12
214.20

-0.158
(0.007)***

0.060
(0.006)***

-0.258
(0.086)***

-0.037
(0.035)

OLS

∆SpouseEmp

(5)

10,037
2,914
50
0.12
36.29

-0.001
(0.002)

0.002
(0.001)

-0.442
(0.073)***

OLS

R

∆ĉ

(6)

(7)

10,037
2,914
50
0.10
201.34

0.038
(0.004)***

-0.188
(0.013)***

0.048
(0.033)

OLS

∆HeadEmp

Column 7

10,037
2,914
50
0.12
427.63

-0.158
(0.007)***

0.060
(0.006)***

-0.053
(0.037)

OLS

∆SpouseEmp

(8)

R

10,037
2,914
50
0.09
10.66

-0.000
(0.001)

0.001
(0.002)

-0.771
(0.236)***

OLS

∆ĉ

(9)

(10)

10,037
2,914
50
0.10
201.75

0.038
(0.004)***

-0.188
(0.013)***

0.012
(0.073)

OLS

∆HeadEmp

Column 8

10,037
2,914
50
0.12
428.62

-0.158
(0.007)***

0.060
(0.006)***

-0.269
(0.086)***

OLS

∆SpouseEmp

(11)

Sample period: 1997-2008. ˆ denotes observed. Columns 1 and 2 are first stages for columns 4 and 5 in Table 2. Columns 3-5 are first stages for column 6 in Table 2, columns 6-8 are first stages for
column 7 in table 2 and columns 9-11 are first stages for column 8 in Table 2. Apart from the excluded instruments the first-stage regressions contain all other exogenous variables used in the second
stages. Standard errors are clustered at the county level and are reported in parentheses. *, ** and *** denote significance at the 10 percent, 5 percent and 1 percent level.

10,037
2,914
50
0.15
28.91

10,037
2,914
50
0.15
28.99

N observations
N households
N counties
R2
Angrist-Pischke F-stat

10,037
2,914
50
0.14
29.66

-0.000
(0.002)

-0.645
(0.216)***

SpouseEmployed−1

-0.645
(0.216)***

-0.402
(0.068)***

OLS

R

∆ĉ

(3)

0.002
(0.002)

-0.615
(0.217)***

-0.401
(0.068)***

-0.401
(0.068)***

R

∆ĉ

∆ĉ

Column 5

R

Column 4

HeadEmployed−1

∆ ln (80thP ercentile)−1

yR
−1

Dependent variable:

First stage to table 2:

Table A3: Euler equation: First stages for GMM estimates in Table 2

