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Non-Technical Summary
In most countries, personal consumption is the largest component of domestic demand,
also accounting for a large share of employment. To understand economic fluctiona-
tions, it is therefore important to understand the sensitivity of households’ spending
decisions to changes in their financial circumstances.
This paper answers this question by tracking the behaviour of individual households’
spending in theUKbetween1994and2017, analysinghowtheir spending changeswhen
incomes and wealth rise or fall. We use UK data because it allows us to track the same
household from one year to the next, whilst also providing key information about the
chararacteristics of the household, including pre-existing levels of debt, or whether a
member of thehousehold has lost their jobduring the year. We focus on the largest com-
ponent of household spending, namely spending on non-durable items. This includes
spendingon foodanddrink, clothing and footwear, non-durable household items, health,
recreation and holidays, financial services, and transport and communication services.
For the average household, spending on non-durables is not very sensitive to changes in
income. We get estimates of the ‘income elasticity’ in the range of 5 to 10%. This means
that 10%change in incomechanges spendingby0.5 to1%. Theseestimates,whilst small,
are in line with what other research has found using micro data. However, our analysis
differs from the existing research in two important ways.
First, we show that the scale of the spending response differs depending onwhether the
the income shock is positive or negative. Specifically, for some households, the largest
spending adjustment occurs for large income declines, in excess of around 15%. In the
data, income falls in this range are not unusual, especiallywhen a household experiences
job loss.
Second, we show that, in terms of spending changes, indebted households are signifi-
cantly more sensitive to falls in their income, but are no different to other households
when incomes increase. The largest effects are for households with heavier mortgage
debt-service burdens. That is, households who already devote a large share of their in-
come to repaying debt, before they experience a negative income shock. We interpret
this as a liquidity or affordability shock. Similar effects are observed for the debt-to-
income ratio, which is strongly postively correlated with the debt-service burden.
Our results have a number of policy implications. One is that expansionary (or contrac-
tionary)monetary policy or counter-cyclical fiscal policy can have larger effects in terms
of stabilising output, employment and demand during a downturn than during an up-
turn. Furthermore, the impact of these policies can depend on the level of household
indebtedness in the economy. The results also point to a clear macro-financial link be-
tween high levels of indebtedness and consumer spending, something which should be
of interest tomacro-prudential policymakers that aim to promote household resilience.
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Abstract
We investigate whether household indebtedness affects the response of consumer
spending to income and wealth changes. We construct a novel estimate of spend-
ing on non-durables to track an unbalanced panel of households between 1993 and
2017. Using this data, we explore how household indebtedness amplifies the re-
sponse of consumer spending to changes in income and wealth. We assess whether
negative and positive shocks imply the same consumption adjustments andwhether
such mechanism is crisis-specific. Our results indicate that falls in income trigger
substantially larger adjustments in consumption than income rises for households
with debt, while thefindings forwealth are less conclusive. The effects are strongest
for householdswith larger debt-service anddebt-to income ratios. These effects are
not specific to the financial crisis period.
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1 Introduction
Is the consumption of indebted households more sensitive to income shocks? The an-
swer to this question informs our understanding of how indebtedness impacts macroe-
conomic dynamics. It is important for quantifying the effects of monetary and fiscal pol-
icy, and understanding household resilience to shocks.
We address this question by investigating the link between adjustments in consump-

tionafter incomeorwealth shocks,while controlling for the level of household indebted-
ness prior to the shock. WeuseUKhousehold data from from1993 (or 1994 in changes)
to 2017, a period that encompasses rising and falling household indebtedness before
and after theGreat Financial Crisis (GFC). Recent studies – in the aftermath of theGreat
Recession – suggest that high levels of household indebtedness can lead to deeper re-
cessions.1 Akeychannel fordebt-effectsonconsumption is thatheavily-indebtedhouse-
holdsfind it harder to smooth their expenditurepatterns in theeventof an incomeshock,
either because they have inflexible or high debt-service obligations, fewer savings to
draw on, or because they are unable to borrow more due to financial constraints and
limited collateral. These effects can also drag on the economic recovery as indebted
households savemore to rebuild balance sheets.
We contribute to the literature on consumption responses to income shocks for in-

debted households. By combining several household surveys in a panel, we document
changes in household indebtedness and leverage over almost a quarter of century. We
are able to look at the response of individual households to income changes, control-
ling for ex ante indebtedness, including debt-service, debt-to-income and debt-to-asset
(leverage) ratios. Whilst other studies have usedUKdata to look at aggregate consump-
tionanddebtdynamicsusing synthetic panelmethods, suchasCloyneandSurico (2017),
there is less empirical analysis on household-level consumption-income dynamics, con-
ditional on debt. Tracking individual household behaviour is important, as synthetic pan-
els are not a substitute for genuine household panel data and are prone to different
sources of bias (see Verbeek (2008) and Khan (2021), for example). Furthermore, stud-
ies that look at individual household responses to income shocks by debt orwealth, such
as Bunn et al. (2018), Christelis et al. (2019) and Drescher et al. (2020), often use an-
swers to hypothetical questions that ask households how they would respond to a tem-
porary income shock. These studies are usually limited to short sample periods, or are
prone to biases associated with online surveys.
Another contribution of our study is the exploration of asymmetric consumption re-

sponses to shocks, that is, dependingonwhether the incomeorwealth change is positive
1See, for example, (Rogoff and Reinhart, 2010; Jarmuzek and Rozenov, 2019) and (Dynan, 2012). Het-

erogeneities among households due to their debt positions make these channels also relevant for Het-
ergenous AgentModels, e.g., (Kaplan et al., 2018).
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or negative.2 Our data allows us to to check the presence of asymmetry for indebted
households for a substantially larger period compared to previous studies that mainly
focus on the post-crisis period. This is important for the generalisability of the debt-
channels outside of periods when credit supply may also be constrained by lenders’ bal-
ance sheet problems. Investigating asymmetric responses carries also useful policy im-
plications. For example, if asymmetry exists, expansionary monetary and fiscal shocks
may yield a smaller impact on consumption than contractionary shocks of the same size.
It follows that expansionary policies should be larger than contractionary ones to gen-
erate equivalent effects on household expenditure (Bunn et al., 2018).
Our estimation results show that household indebtedness exerts a significant impact

on how consumption responds to shocks, and negative income shocks in particular. The
effects are largest for the debt-service ratio: our estimate suggests that households
with higher debt-service ratios – that is, in the top-quartile of indebted households by
debt-service – are almost three-times more sensitive to negative income shocks, when
compared to low- or medium-debt-service households. This asymmetry points to the
prevalence of a liquidity risk channel for indebted households, who cut back their con-
sumption more in response to income shocks, when compared to less indebted house-
holds. Weevaluate the indebtedness levels of households explicitly as propagators of in-
come andwealth shocks, by exploring the interactions of the indebtedness metrics with
transitions to unemployment (bymembers of the household), aswell as changes in gross
housing wealth. Importantly, we show that the debt effects are present throughout the
entire period of investigation (1993-2017) rather than only in the period following the
Global Financial Crisis, as reported in recentUK-relatedpapers. Thisfinding implies that
policies related to household indebtedness – be it fiscal, monetary or macro-financial –
should not be focused solely on financial crisis periods, but also apply more generally
when unemployment or income risk for (indebted) households is elevated.
The paper proceeds as follows: Section 2 reviews the literature on consumption re-

sponses to shocks, focusing on the role of household debt burden. Section 3 describes
the data, including how we combine several UK panel and cross-sectional surveys to
create our longitudinal data covering non-durables spending, income and indebtedness.
Section 4 presents our regression results. Section 5 concludes.

2The intuition is that in a life-cycle model with financial constraints, the adjustment is sharper under
negative shocks, as financial constraints become binding and the household cannot draw on its liquid
wealth or borrow to smooth consumption (Carroll and Kimball, 1996; Christelis et al., 2019) Other rea-
sons of asymmetry reported in the literature include precautionary savings and loss aversion (Caballero,
1990; Kahneman and Tversky, 2013).
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2 Indebtedness and consumption dynamics: a review
In the life-cycle framework, the response of consumption to income changes depends
on the permanence and predictability of shocks, and the ability to smooth. With no un-
certainty and no liquidity or borrowing constraints, a permanent income shock reduces
spending one-for-one. In the case of a transitory income shock – again, assuming no liq-
uidity or credit constraints – households adjust their consumption by only a small frac-
tion, as they aim to smooth it across their life cycle (Friedman, 1957).
Households facing credit constraints, or with limited savings, may find it harder to

smooth consumption in response to variable income. This is one channel whereby in-
debtedness canmatter for the consumption response to incomechanges (Deaton, 1991;
Jappelli and Pagano, 1994; Le Blanc and Lydon, 2020; Zeldes, 1989; Baker and Yannelis,
2017). Credit constraints can affect consumptionbehaviour evenwhen they arenot cur-
rently binding. For example, if increased uncertainty about future earnings raises the
propsect of binding constraints in the future, precautionary savings can rise (Crossley
and Low, 2014).
Changes in wealth can also affect consumption smoothing. More indebted house-

holds, whomight already have high leverage ratios, aremore at risk if housing equity is a
potential sourceofborrowing (Hurst andStafford, 2004;Zhuet al., 2019; deRoiste et al.,
2021). This is also related to the idea of ‘debt deflation’ in Fisher (1933), whereby house-
holds facingdeclining asset values savemoreoutof their income to repay their debts and
increase netwealth. Dynan (2012) also cites ‘target-leverage’motivations as one reason
for the larger consumption fall of indebted US households’ during the Great Recession,
echoing the findings in Bunn and Rostom (2014) and Albuquerque and Krustev (2018).
Indebtedness can also lead to asymmetric consumption responses. That is, spending

changes differ depending onwhether the income change is positive or negative. Jappelli
and Pistaferri (2010) provide a rationale for asymmetry as follows: under a negative
income shock, credit-constrained households are unable to bring future consumption
forward, leading to a larger adjustment; whereas, under positive income shocks, house-
holds are able to save and smooth consumption in the future, and, therefore, there is no
need for temporary adjustment to be that high.
Several other papers have looked also at asymmetry in the consumption response

of UK households. Cloyne and Surico (2017) construct a semi-aggregated pseudo-panel
dataset to show that the consumption response of indebted homeowners to negative in-
come changes is larger than that of outright homeowners. Exogenous income shocks are
identified using a narrative approach based on legislative tax changes. Bunn et al. (2018)
use theBankofEngland internet/NMGConsultingSurvey toestimate theMarginalPropen-
sity to Consumer (MPC) out of hypothetical unanticipated income shock.3 They show

3The NMG survey has been documented to suffer from the typical issues related to internet surveys,
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that borrowers’ responses to income changes are systematically larger than those for
savers, and that households with low liquid wealth or more debt also have largerMPCs.
They also find large asymmetric effects, that is, significantly larger MPCs out of nega-
tive income shocks compared to positive shocks. Kovacs et al. (2018) also construct
a synthetic panel from different household surveys to look at the interaction of debt
with income shocks. Theyfind that highly leveragedhouseholds reduced their consumer
spending by more during the financial crisis. Furthermore, the debt vulnerabilities vary
with the type of debt instruments held by households.
This paper,whilst buildingon theearlierworkonasymmetric consumption responses

of indebted households, differs in three important ways. First, we use actual panel data
instead of pseudo or synthetic panel data to study this relationship. As pointed by Ver-
beek (2008), synthetic panels are not a substitute for genuine household panel data, es-
pecially when an endogenous variable is used in the design panel cohorts, e.g., house-
hold’s region or tenure status. A drawback of grouping households by their housing
tenure status to construct synthetic panels is the likelihood of endogenous transitions
fromone tenure status to another over time as a result of changes in the dependent vari-
able (i.e., moves induced by income shocks/tax changes). Additionally, synthetic panels
are prone to aggregation and sampling error biases (Khan, 2021), while Windsor et al.
(2015) show they tend to underplay the significance of age controls and inflate con-
sumption responses.
Second, our dataset allows us to estimate the responses different responses to posi-

tive andnegative income shocks,whilst controlling for ex ante indebtedness and changes
in wealth. This sub-sampling is not possible in smaller surveys, nor in synthetic panels,
which are largely limited to exploring the differences in the responses of outright home-
owners andmortgagors. Importantly, in synthetic panels, asymmetries can only be iden-
tified across cohort and notwithin, that is whether the average income of a given cohort
raises or falls. This type of aggregation bias can limits the identification of asymmetric
behaviour only during times that a recession affects cohorts defined by region in an im-
balanced way, with positive and negative shocks taking place.4 By contrast, in an actual
panel we can identify idiosyncratic income changes regardless of the state of the busi-
ness cycle.
Third, we apply the Blundell et al. (2004, 2008) imputation approach for household

spending on non-durables to household panel data for the period from 1992 to 2017,
a substantially longer time period than all of the existing studies for the UK. Etheridge
(2015) applies a similar procedure to analyse consumption dynamics, but only uses the
namely non-response bias and extremeoutliers. If no substantial adjustments aremade, it is assumed that
households who choose not to respond are similar to those who do respond. A detailed discussion about
the characteristics of the NMG survey can be found in Barwell et al. (2006).

4See, for example, de Roiste et al. (2021) who explore asymmetry for the case in New Zealand for the
period following the Global Financial Crisis.
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BHPS dataset from 1991 to 2006, therefore missing out on the financial crisis period,
when consumption fell sharply, as well as the period after the crisis.

3 Data used in the analysis
3.1 Survey data
As there is no UK survey data that tracks the spending of the same household across
time, most related studies use synthetic panel estimation, as outlined above. As the
British Household Panel Survey and, its sucessor, Understanding Society contain all of
the key conditioning variables we are interested in – that is, income, indebtedness and
wealth – we adopt a different approach, imputing non-durables spending in these data
from expenditure surveys.
We use data from five UK household surveys. Data on incomes, housing wealth and

indebtedness comes from the British Household Panel Survey (BHPS, 1993-2008) and
Understanding Society survey (USoc, 2009-17).5 As they are two different samples,
there is a gap in 2009 when looking at year-on-year changes. Unless stated otherwise,
the dataset used in our baseline estimations is a pooled sample of two unbalanced pan-
els accounting for all households appearing in at least two consecutive waves of each
survey. All estimates are performed by applying longitudinal population weights which
mitigate for differential non-response and attrition across waves.
As we explain below, we impute total spending on non-durables in the panel data

(BHPS/USoc) fromthreeexpenditurediary surveys,where thekeyvariable for the impu-
tation and linking between surveys is food spending.6 These surveys are the Family Ex-
penditure Survey (FES, 1991 to 2000), the Expenditure and Food Survey (EFS, 2001-07)
and the LivingCost and Food Survey (LCF, 2008-17). These are repeated cross-sectional
annual surveys, designed tomeasure household expenditure on goods and services. The
structure and coverage of the surveys has evolved over time. We therefore draw on the
derived variables in Oldfield et al. (2020), who harmonize the expenditure and demo-
graphic data in all three surveys.
Aswe impute total non-durables spending from food spending, we drop a small num-

ber of households in the BHPS/Usoc that report zero or incomplete spending on food.
We also drop households that report zero net income or have missing values for region,
age, and household composition. All analyses is at household level, except character-
istics such as age are of the household representative person, defined as the owner or
renter of the accommodation in which the household lives. If there are multiple owners

5The BHPS starts earlier in 1991. However, total mortgage debt, which we need to construct indebt-
edness measures, is only available from 1993.

6Variable definitions, including what exactly constitutes non-durables are provided in the Appendix.
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or renters, the default is the eldest of them is the HRP. Additionally, food expenditure,
which is crucial for the imputation, is missing from the first wave of BHPS andmortgage
debt outstanding is not available in waves 1 and 2 of BHPS; we drop the first wave from
our entire analysis and keep the second wave only in the imputation but not in the re-
gressions. Mortgage debt outstanding was also not reported in waves 2, 3, and 4, of
USoc. However, we are able to impute it by adding the variable of "amount of additional
mortgage on home" to the initial mortgage outstanding after subtracting in-between re-
payments.

Table 1: Comparison of means between BHPS/USoc and FES/EFS/LCF
1992-2000 2001-2008 2009-2017

BHPS FES BHPS EFS USoc LCF
Age of household head 52.4 46.7 54.6 47.1 53.9 47.5
Gender
Male 0.7 0.7 0.6 0.7 0.5 0.7
Region
England 0.9 0.8 0.9 0.8 0.8 0.8
Wales 0.1 0.0 0.1 0.0 0.1 0.0
Scotland 0.1 0.1 0.1 0.1 0.1 0.1
Northern Ireland 0.0 0.0 0.0 0.0 0.0 0.0
Household type
Single adult 0.3 0.2 0.3 0.2 0.3 0.2
Single adult, kids 0.1 0.1 0.1 0.1 0.1 0.1
Single adult, no kids 0.3 0.2 0.3 0.2 0.3 0.2
Two adults, kids 0.3 0.3 0.3 0.3 0.2 0.3
More than two adults, kids 0.0 0.0 0.0 0.0 0.0 0.0
More than two adults, no kids 0.0 0.1 0.0 0.1 0.1 0.1
Household size 2.3 2.6 2.3 2.6 2.4 2.6
Tenure status
Owner 0.3 0.3 0.3 0.3 0.3 0.3
Mortgagor 0.4 0.4 0.4 0.4 0.3 0.3
Renter 0.3 0.3 0.3 0.3 0.3 0.3
Food expenditure* 1,841.6 2,074.2 2,379.5 2,443.1 2,842.1 3024.7
Net household income* 10,592.5 12,816.1 15,509.7 17,277.8 21,222.7 21204.6
Observations 40,472 69,056 59,473 69,195 185,264 48,910

Notes: BHPS = British Household Panel Dataset; USoc = Understanding Society; FES = Fam-
ily Expenditure Survey; EFS = Expenditure and Food Survey /LCF = Living Cost and Food
Dataset.(*) Equivalised using OECD equivalence scales.

Table 1 shows the summary statistics of the household panel (BHPS/USoc) and expen-
diture (FES/EFS/LCF) datasets for three sub-periods corresponding to each of the ex-
penditure surveys outlined above. Beyond the fact that BHPS/USoc household heads
appear to be older on average, the data sources are remarkably similar across all sub-
periods, including across income and food expenditure. As food expenditure is the key
linking variable for the imputation of total nondurables spending, Figure 1 compares the
trends in food spending across time and characteristics in the panel and expenditure
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datasets. In all cases, we find that food expenditure has a very similar pattern across the
various sources. Nevertheless, as is shown in the next section, we take care to correct
for any discrepancies in food consumption attributed to the design of the two surveys.
Figure 1: Comparing food expenditure levels between Understanding Society and LCF
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3.2 Imputing consumption in the BHPS/USoc
With a dearth of panel data on household spending in many countries, imputation has a
long history in economic analysis of consumer spending. Earlier papers used food con-
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sumption directly to proxy total consumption expenditure (see, for example, (Hall and
Mishkin, 1982; Altonji and Siow, 1987; Zeldes, 1989)). However, divergent, and often
not well-understood, results ledmany to question this approach.
The “accounting identity” approachestimates consumptionas a residual, by subtract-

ing the flows of saving from flows of income across time (see, for example Disney et al.
(2010); Ziliak (1998); Browning et al. (2013); Andersen et al. (2016)). A common lim-
itation of the approach is that it requires accurate data on savings flows, which is not
straight-forward to collect, even in dedicated wealth surveys (see, for example, Cussen
et al. (2018)). A further complication arises if the specified consumption regressions use
income orwealth as explanatory variables, which are also used in the imputation of con-
sumption, the results may be biased (Browning et al., 2014).
A third approach is to use additional covariates, on top of food expenditure, as well

as information from other surveys to impute consumption (see, for example, Skinner
(1987); Lamarche (2017)). However, this ignores the impact of relative prices on con-
sumption,whichmay lead to imprecise estimates ; seeZiliak (1998). Blundell et al. (2008)
addresses these issuesby specifying anEngel curveof non-durables expenditures,which
depends on prices, the overall household budget, household socio-demographic charac-
teristics, and their time interactions.
FollowingBlundell et al. (2008),we imputenon-durables expenditure in apanel dataset

(BHPS/USoc), using information drawn from consumer diaries in the FES/EFS/LCF.7 The
imputation method includes the following steps: First, we estimate demand for food in
the FES/EFS/LCF sample, using non-durables consumption, socio-economic character-
istics, time-interactions, and relative prices as covariates.8 Next, we store the estimated
coefficients from all the regressors in the estimation. Second, we specify a similar food
demand equation in BHPS/USoc, which we invert by solving for non-durables consump-
tion. Third, we feed the estimated coefficients from FES/EFS/LCF to the same regres-
sors on the inverted food demand equation in BHPS/USoc. Consequently, we are able to
predict non-durable consumption for the same individual households across time.
Etheridge (2015) also uses consumer diaries to impute consumption in the UK. The

approach in this paper differs in two respects. First, he looks at the BHPS until 2006,
whilst we also draw onUSoc. USoc is not only amuch larger sample than BHPS, but also
food consumption is treated as a continuous variable which reduces measurement error
bias.9 Additionally, Etheridge (2015) relies on the estimation of income elasticities. As
income elasticities out of food consumption are typically very small, and at times almost

7Our analysis focuses on non-durables consumption because the long-lived nature of durable goods
provides the household with a flow of utility for multiple periods which is hard to translate into consump-
tion services for the time period associated to the income/wealth effect.

8FollowingEngel curves literature (CoxandWohlgenant, 1986),we control for relativeprices, bydraw-
ing onmonthly food, transport and fuel price indices, from theOffice of National Statistics

9For the BHPS, we use themid-point point of expenditures reported between each band.
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zero, it is harder to invert a food expenditure curve that includes individual income, so
we follow Blundell et al. (2008) and omit it in our specification. Furthermore, given our
ultimate aim in this paper to look at the relationship between income changes and non-
durables spending, it would be potentially spurious to include individual income in the
imputation stage.
The specification for estimating the Engle curve for food demand (i.e. the log of total

food expenditure for the period 1992-2017) is as follows:

fi,t = W ′
i,tµ+ p′tθ + β(Bi,t)ci,t + ei,t (1)

where fi,t is the logof real foodexpenditure (equivalised),W ′
i,t is a vectorof socio-demographic

characteristics including the age of household head, five-year birth cohorts, the number
of children, and region. This vector is available not only in the FES/EFS/LCF, but also
BHPS/USoc. p′t is a vector of monthly price indices from the Office of National Statis-
tics (ONS). Total spending on non-durables is captured by ci,t, and includes the follow-
ing spending categories: total food and non-alcoholic beverage, beverages and tobacco
products, total clothing and footwear, total housing,water, andelectricity (excluding fur-
niture and restoration expenses), total health expenditure, total transport costs, total
communication expenditure, and total amount spent on recreation activities. The bud-
get elasticity β is allowed to varywith time and the number of children in the household,
represented by the vectorBi,t. Lastly, ei,t captures unobserved heterogeneity and mea-
surement error in food demand.
When estimating Engel curves of food consumption, Attanasio et al. (2012) high-

lights two potential sources of endogeneity. First, in a multiple-stage system with con-
sumption allocation across time, different agents might have different inter-temporal
preferences on their consumption decisions. For example, impatient agents with strong
preference for food might have a higher level of consumption in the first period, as well
as a higher shareof food consumption. Thesepreferences arenot observed in themodel,
and therefore captured by the error term. Second, endogeneity might be due to mea-
surement error. To address this, we follow the relevant literature and use clusters of
hourly wages by birth cohort, occupational status, and survey year for both the house-
hold head and the spouse as instruments for total consumption (see, also, Blundell et al.
(2008)).10
10Our results remain robust to other clustering choices, for example, such as the inclusion of income

percentiles instead of the occupational status.
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Table 2: Instrumental variable regression of total food expenditure

Total food consumption (logged)
Coefficient Std. Err.

Non-durables consumption (ln) 0.73∗∗∗ (0.01)
Age of Head 0.00 (0.00)
Age of household head squared -0.00 (0.00)
Food prices UK, monthly (ln) -0.60∗∗∗ (0.15)
Fuel prices UK, monthly (ln) -0.13∗ (0.06)
Transport prices UK, monthly (ln) -0.32∗∗∗ (0.09)
England -0.02 (0.01)
Wales -0.05∗∗∗ (0.00)
Scotland -0.04∗∗∗ (0.01)
Two children 0.22∗ (0.10)
Three children 0.27∗ (0.10)
Four children 0.58∗∗∗ (0.16)
Household size 0.12∗∗∗ (0.00)
Observations 201,206
R2 0.63

Notes: FES/EFS/LCF 1991-2017. Includes additional controls for 5-year birth
cohorts and number of children. The natural logarithm of total consumption is
interacted with year dummies and number of children in the household. Price
indices are CPIH components from the the Office of National Statistics. Stan-
dard errors in parentheses. (∗), (∗∗), (∗ ∗ ∗) significant at the 10, 5 and 1 per
cent levels respectively.

Table2presents the instrumental variable regression results estimated in theFES/EFS/LCF
sample. The dependent variable is the natural logarithm of total food consumption. The
non-durable spending elasticity is 0.73 and the price elasticity is -0.60. The Hansen test
for over-identification of instruments for consumption of non-durables fails to reject the
null hypothesis that all instruments are uncorrelated with the error termwith a p-value
of 0.16. Using these coefficients on our BHPS/USoc household panel data, we invert the
Engel curve to impute a series of non-durable consumption as follows:

ĉi,t = βBi,t
−1(fi,t −W ′

i,tµ+ p′tθ) (2)
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Figure 2: Mean of non-durables in FES/EFS/LCF and themean of imputed non-durables
in BHPS/USoc
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Figure 2 shows that the level and trend of mean imputed non-durable consumption in
BHPS/USoc (blue line) is very similar to that in the FES/EFS/LCF (red line). The imputed
BHPS/USoc level is lower than theFES/EFS/LCF level at times, consistentwith the lower
levels of food consumption in the former, as shown inTable 1. To check that this is indeed
the case and not a problem of misspecification, we also estimate a ‘corrected’ measure
of imputed non-durable spending in BHPS/USoc (the green line in Figure 2), based on
(Blundell et al., 2004). The correction involves dividing the differences in food expen-
ditures between the two datasets with the coefficients of the Engel specification and
subtracting them from the imputed consumption estimate (i.e.,M(cu)−M(fu)−M(ff )

β̂
). The

meanof the corrected (or rescaled) imputed series is practically identical theFES/EFS/LCF
series, implying that ourmodel specificationprovides a precise estimateof non-durables
consumption in theBHPS/USoc, and any difference should be attributed to deviations in
food expenditure levels between the two surveys.
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4 Non-durables spending, income changes and debt
4.1 Baseline results
Wenow turn to themain research question of this studywhich is to explore how house-
holds adjusted their non-durable consumption expenditure in response to changes in in-
come and wealth. First, we estimate a baseline regression relating annual changes non-
durables spending to changes in income and wealth over the period 1992 to 2017. We
then add controls for indebtedness and sign of the income shock to test for debt and
asymmetry effects. The baseline specification is as follows:

∆Ci,t = α + βY ∆Yi,t + βw∆Wi,t + βu∆Ui,t + βr∆ri,t + γ1Xi,t + γ2Zi + ui,t (3)
where∆Ci,t,∆Yi,t,∆Wi,t refer to annual changes in the log of non-durable consumption,
total net household income, and housingwealth respectively.∆Ui,t, captures the change
that takes place when at least one member of the household has entered a state of un-
employment between t and t− 1.∆ri,t is the change in themortgage interest rate.11 Xi,t

is a 1 × K vector of time varying household characteristics including mainly changes
in family size. Zi is a 1 × G vector of time invariant characteristics including educa-
tional qualifications and the age of household head. We apply the inverse hyperbolic
sine transformation on consumption, income, and wealth changes that allows us to re-
tain zero or negative values for natural logarithm and reduce high influence of extreme
value observations.12
Table 3 presents the baseline regression estimates, both for all households and by

tenure status.13 We split tenure because in the next stage of the estimation, when we
condition on indebtedness, we focus on mortgaged households only. The estimated in-
come and wealth elasticities are similar to those in the literature that uses longitudi-
11Monthly Interest Rate Statistics from the Bank of England, averaged to annual frequency.
12The inverse hyperbolic sine transformation of a variablexit is written as log(xit+(x2

it+1)1/2), and be-
haves similarly to a logarithmic variable (Pence, 2006; Dynan, 2012). For more details on the advantages
of the transformation, see (Burbidge et al., 1988).
13Since we use an estimated dependent variable (EDV) in our model, e.g., imputed non-durable con-

sumption, it is important to consider potential issues with EDVs reported in the relevant literature. In
a renowned article, Lewis and Linzer (2005) report that in models fitting EDVs, variation in the sampling
varianceof theobservationson thedependent variable is likely to induceheteroskedasticity. To assess the
variance of our residuals in all specifications fitting a dependent variable we i) run Breusch-Pagan / Cook-
Weisberg tests for heteroskedasticity, and ii) visually assessed whether our residuals present a obvious
pattern against the fitted values in our models. Our formal test for specification 3 yields a test statistic of
1.21. When compared to a Chi-Squared distribution with one degree of freedom, the p value is estimated
at around 0.2 which falls well above the standard 0.05 level. Thus, we do not reject the null hypothesis
of homoskedasticity. Likewise, our visual inspection of the residuals provided us no clue of potential het-
eroskedasticity in our EDV. The figures presenting residuals against fitted values can be provided upon
request from the authors.
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nal household level data (see, for example, Dynan (2012) and Disney et al. (2010)), but
generally lower than estimates produced using aggregate time-time series or synthetic
panel approaches (see Campbell andCocco (2007); Bunn andRostom (2014); Baker and
Yannelis (2017)). Renters present the highest income elasticities (0.09), followed by
mortgagors (0.08), and outright owners (0.03). For renters, the coefficient for housing
wealth, measured by changes in regional house prices for this group, is statistically in-
significant. This is consistentwith the results inCampbell andCocco (2007),who include
an identical ‘housing wealth’ control for renters in order to rule out the possibility that
changes inwealth are really picking up the correlation betweenhouse prices and income
expectations.

Table 3: Baseline regression for change in non-durables spending (1994-2017)
(1) (2) (3) (4)

Annual change in spending on non-durables
All Owners Mortgage Renters

households
Change in income 0.066*** 0.032*** 0.079*** 0.090***

(0.004) (0.007) (0.007) (0.009)
Change in house value 0.050*** 0.042*** 0.047*** 0.015

(0.011) (0.015) (0.015) (0.083)
Enter unemployment -0.049*** -0.024 -0.026* -0.078***

(0.010) (0.023) (0.015) (0.017)
Change inmortgage interest rate -0.005 0.002 -0.008* -0.008

(0.003) (0.006) (0.004) (0.007)
Change in household size 0.033*** 0.043*** 0.019*** 0.034***

(0.004) (0.010) (0.006) (0.008)
Observations 171,452 56,400 64,787 50,265
R-squared 0.004 0.002 0.004 0.006
Number of pid 38,878 13,322 15,503 14,213
Notes: Standard errors in parentheses. (∗), (∗∗), (∗ ∗ ∗) significant at the 10, 5 and
1 per cent levels respectively. House value for renters is regional mean within year.
Sample is 1994-2017. Age and education controls for head of household are also
included. The change in the mortgage interest rate and household size are semi-
elasticities per unit change, where the mortgage interest rate is measured in per
cent.

Thevariable “Enter unemployment”equals onewhenamemberof thehouseholdbecomes
unemployed , and is negatively correlated with non-durables spending. The coefficient
is only statistically significant for mortgaged and renter households, ranging from 3 to 8
per cent respectively, which is similar in scale to the results in Christelis et al. (2015).
Sharper adjustments for mortgagors and renters may imply the presence of financial
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constraints which limit consumption smoothing in the event of unemployment. Income
changes naturally correlate with the unemployment variable and, when we exclude the
latter, the income elasticity increases. However, we include it in our specification as it
captures both changes in the current level of income resulting from the transition to un-
employment and potential uncertainty about future income. As we explain below, the
average household income shock associated with amember of the household becoming
unemployed is large (over -15 per cent), and income remains below pre-unemployment
levels for four years on average. Changes in household size (a semi-elasticity) are posi-
tively correlated with changes in spending for all tenure groups, but especially for out-
right homeowners and renters.

4.2 Consumption responses to income shocks conditional on debt
In this section, we assess whether the debt position of the household matters for con-
sumption adjustments to income orwealth shocks. We focus on owner-occupier house-
holds with a mortgage only. In addition to changes in income and wealth, we employ
three indebtedness indicators:
• The debt-service burden (DSR): this is the ratio of mortgage debt repayments to
net disposable household income on amonthly basis.
• The debt-to-income ratio (DTI): this is the ratio of the stock of outstanding owner-
occupier mortgage debt to net disposable income.
• The debt-to-assets (LEV) ratio (also called leverage or loan-value-ratio in the liter-
ature): this is the ratio of the stock of outstanding owner-occupier mortgage debt
to the gross value of the property, as reported by the householder in BHPS/USoc.

Each indicator implies differentmechanisms on how indebtedness influences household
consumption (Kukk, 2016). DSR is a financial distress indicator, reflecting different fac-
tors: both how interest rates and income shocks influence a household’s repayment ca-
pacity, and the impact of taking onmore debt. DTI is a liquidity risk indicator and reflects
the vulnerability of households to changes in their capacity to reimbursemortgage debt
following income shocks. Last, LEV is a solvency risk indicator as it tracks households’
ability to pay back their mortgages if their property were to be sold at the market price.
LEV is thereforemostly associated with housing wealth shocks.
Figure 3 shows, for the estimation sample 1994-2017, the trends in each of the in-

debtedness metrics for the mean, median and inter-quartile range. The large increase
in household indebtedness and house prices in the early-2000s, up to the eve of the
financial crisis, is apparent in all three charts. The increase in indebtedness is particu-
larly acute in the right tail of the distribution, shown by the 75th percentile cut-off in
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the charts. After little in the way of change for the first decade or so of the sample, for
the top-25 per cent of indebted households by debt-service (first chart) debt service in-
creased by over eight percentage points between 2003 and 2008, to almost 30 per cent
of net income. This is partly driven by rising interest rates during that period (as shown
by the gray line in the chart). However, as themore than 100 point rise (from 2.5 to over
3.5) in the p75 debt-to-income ratio shows, this is not just driven by rising interest rates,
but also households increasingly taking onmore debt relative to their incomes.
Next, we visually inspect the sensitivity of changes in spending to changes in income,

according to the level of indebtedness for eachmetric. Figure 4 shows themean change
in non-durables spending for a given change in income (5 per cent buckets). Wealso con-
dition on high, medium or low values for each of the indebtedness metrics. The thresh-
olds for each of these categories is based on the average cut-offs for the inter-quartile
ranges across the sample period, as shown in Figure 3. For example, a ‘high’ debt-service
household is one where at least 25 per cent of disposable income goes towards servic-
ing mortgage debt; a ‘low’ debt-service household is where no more than 10 per cent of
income servicesmortgage debt. The ‘medium’ category is all households in between the
10-25 per cent range. Similar definitions apply to high, medium, and lowdebt-to-income
and leverage groups, as explained in the Table notes.
Forpositive incomechanges, there is little discernabledifferencebetweenhigh,medium

and low debt households, for any of the debt metrics. This is confirmed in Table 4, which
tests for differences in the mean consumption change conditional on income changes
and indebtedness. We do see a difference for negative income changes (∆C|∆Y < 0 in
Table 4), where more indebted households reduce spending by significantly more, espe-
cially for large income shocks. The most significant difference is for households with
high-debt service burdens and income shocks in excess of -15 per cent. On average,
spending for these households falls by almost 11 per cent, compared to 2 per cent for
low debt households facing the same income drop. The almost 9 percentage point dif-
ference is statistically significant. We see a similar difference for large income shocks
when we compare high-leverage with low-leverage households, albeit border-line sta-
tistically significant. High-debt households by debt-to-income are alsomore sensitive to
negative income shocks, although the pattern here is less consistent, with smaller nega-
tive income shocks appearing tomatter more.
The effects of indebtedness on the income elasticity appear to kick-in in some cases

when the income shocks are larger, in excess of -15 per cent. Notably, negative income
shocks of this size are not uncommon in the data. For example, in our sample period
from1994 to 2017, over a quarter of households experience a negative year-on-year fall
in disposable income of over 8 per cent. Furthermore, for households where a at least
one member enters unemployment during the survey year – on average, 2.7 per cent of
households per year, rising to 3.5 per cent during the Great Recession – the average fall

15



in disposable income in thefirst year of the shock is -15.4 per cent. It is only by the fourth
year do we see average income for these households return to pre-unemployment lev-
els.
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Figure 3: Indebtedness trends (owner-occupier mortgages)

0

20

40

60

80

100

120

140

0

5

10

15

20

25

30

35

1
9

9
5

1
9

9
6

1
9

9
7

1
9

9
8

1
9

9
9

2
0

0
0

2
0

0
1

2
0

0
2

2
0

0
3

2
0

0
4

2
0

0
5

2
0

0
6

2
0

0
7

2
0

0
8

2
0

0
9

2
0

1
0

2
0

1
1

2
0

1
2

2
0

1
3

2
0

1
4

2
0

1
5

2
0

1
6

2
0

1
7

Mean Median p25 p75 SVR mortgage interest rates (RHS, 1994=100)

(a) Debt-service ratio (per cent)

0.0

0.5

1.0

1.5

2.0

2.5

3.0

3.5

4.0

1
9
9
5

1
9
9
6

1
9
9
7

1
9
9
8

1
9
9
9

2
0
0
0

2
0
0
1

2
0
0
2

2
0
0
3

2
0
0
4

2
0
0
5

2
0
0
6

2
0
0
7

2
0
0
8

2
0
0
9

2
0
1
0

2
0
1
1

2
0
1
2

2
0
1
3

2
0
1
4

2
0
1
5

2
0
1
6

2
0
1
7

Mean Median p25 p75

(b) Debt-to-income ratio (per cent)

0

50

100

150

200

250

300

350

400

450

0

10

20

30

40

50

60

70

80

90

1
9

9
5

1
9

9
6

1
9

9
7

1
9

9
8

1
9

9
9

2
0

0
0

2
0

0
1

2
0

0
2

2
0

0
3

2
0

0
4

2
0

0
5

2
0

0
6

2
0

0
7

2
0

0
8

2
0

0
9

2
0

1
0

2
0

1
1

2
0

1
2

2
0

1
3

2
0

1
4

2
0

1
5

2
0

1
6

2
0

1
7

Mean Median p25 p75 House prices (RHS)

(c) Debt-to-asset (LTV) ratio (per cent)

17



Figure 4: Income and expenditure changes by indebtedness
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(b) Income and expenditure changes by debt-to-income ratio (per cent)
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Notes: (*) Top-coded at 15+ for cell-size reasons. ‘High’ DSR/DTI/LEV thresholds are 25/3/70;
‘Low’ thresholds for DSR/DTI/LEV are 10/1/2; and ‘medium’ are all values in-between. X-axis
categories are buckets of changes in income, e.g. ‘5’ is for a 5-9 per cent change.
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Table 4: Testing for differences in∆C|∆Y , by indebtedness
Change in consumption, conditional

on sign of income shock and indebtedness
High debt Medium/Low debt Diff. H0: Diff = 0(A) (B) (B)-(A) t-stat

Debt-service
∆C|∆Y < 0 -0. 057 0.010 0.066 8.65

(0.0066) (0.0039) (0.008)
∆C|∆Y ≤ −10% -0. 083 -0.003 0.080 7.94

(0.008) (0.006) (0.010)
∆C|∆Y ≥ 0 0. 051 0.049 -0.002 -0.27

(0.006) (0.003) (0.007)
Debt-to-income
∆C|∆Y < 0 -0.016 0.008 0.024 2.97

(0.006) (0.004) (0.008)
∆C|∆Y ≤ −10% -0. 045 -0.005 0.041 3.76

(0.008) (0.007) (0.011)
∆C|∆Y ≥ 0 0. 046 0.049 0.003 0.49

(0.006) (0.003) (0.007)
Leverage
∆C|∆Y < 0 -0.004 0.0006 -0.005 0.53

(0.0043) (0.0087) (0.0097)
∆C|∆Y ≤ −10% -0.022 -0.015 0.008 0.56

(0.011) (0.005) (0.013)
∆C|∆Y ≥ 0 0.054 0.047 -0.007 -1.04

(0.006) (0.003) (0.007)
Notes: Standard errors in parentheses. The sample is owner-occupier households
with a mortgage in the UK from 1994-2017. Each row shows the annual change in
spending on non-durables (∆C) for a given change in income, that is positive (or zero)
(∆Y ≥ 0), negative (∆Y < 0), or large negative falls (∆Y < −15%). Columns (A) and
(B) condition on the level ofmortgage indebtedness. The ‘High’ DSR/DTI/LEV thresh-
olds are 25/3/70, as outlined in the text. The column ‘Diff (B)-(A)’ is the difference in
the two group means (‘High’ debt versus all other mortgaged households). The final
column reports the t-statistic from the null hypothesisH0 : mean(B)−mean(A) = 0,
assuming unequal variances in the two groups.

We next estimate a regression to formally quantify how indebtedness affects the sen-
sitivity of households to shocks. We build on the baseline specification in equation (3)
by adding incrementally the following variables. First, we add the lagged indebtedness
metrics, namelyDSRt−1,DTIt−1, and Levt−1, and interact themwith changes in income
and wealth, one at a time. The lag aims to capture the debt position before the income
or wealth shock takes place. This is close to the approach of Baker (2018), who looks at
how indebtedness impacts total consumption-incomeelasticities in theUS. Themaindif-
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ference of our approach to Baker (2018) is that, in addition to including lagged leverage
andDTI,we also look at debt-service anddifferentiate betweenpositive andnegative in-
come shocks. We include the interaction with gross housing wealth changes to capture
credit constraint or balance sheet re-building channels, as in Dynan (2012) and Mian
and Sufi (2009). The specification is similar to the one in Equation 3, though a second
interaction term is added to the income and wealth variables to control for asymmetric
responses following positive or negative changes. Lastly, we add a third interaction term
(GFC) for the period 2008-12 to test whether our results are specific to the financial cri-
sis period. Not only does the inclusion of the dummy allow us to compare our results
with a wide number of papers that focus only on the crisis or its early aftermath (see,
for example, Christelis et al. (2015); Kovacs et al. (2018)), but it is also an important test
of the generalisability of our hypothesis. If debt only matters for how households react
to shocks during the financial crisis, then it is hard to separate aggregate credit supply
effects relating to financial institutions’ balance sheets, or the severity of income and
wealth shocks (business cycle effects14), from demand side issues relating to household
over-indebtedness.
Wepresent separate results for eachof debt-service (Table 5), debt-to-income (Table

6) and leverage (or debt-to-assets, Table 7), focusing on the coefficients of the various in-
come or wealth changes.15 With regards to the income elasticities conditional on debt,
the results confirm what we see in the graphical analysis in Figure 4: spending of more
indebted households is more sensitive to changes in their income, but only for negative
income changes. The regression shows that not only are these debt effects statistically
significant, but they are also economically large. To illustrate, in specification (2) of the
debt-service regression (Table 5), the coefficient on the negative income change inter-
acted with DSR is estimated at about 0.4, implying that going from a debt-service ratio
of 10 to 30 per cent – approximately the interquartile range – increases the sensitivity
to negative income shocks almost three-fold, from an income elasticity of around 0.05
to 0.13. Higher debt-to-income and leverage households are alsomore sensitive to neg-
ative income shocks. However, the incremental impact on the income elasticity when
income falls is largest for the debt-service ratio, reflecting the importance of debt pay-
ments, as opposed to the size of debt outstanding, for indebted households’ consump-
tion adjustment to income shocks.
14Although it is tricky to completely rule out business cycle effects, having a larger sample should mod-

erate their impact. A similar point is made in Christelis et al. (2019).
15For some BHPS/USoc households, there are missing values for overall mortgage debt. A small num-

ber of households (< 1.5%) also report excessive debt-service ratios, i.e., DSR > 100%. We drop these
observations in this section. There is no pattern to themissing data, i.e., it is not in any particular survey or
years in the sample. Furthermore, as the basic results – such as income and wealth elasticities are almost
identical to those for mortgaged households in the baseline regression in Table 3 – this should not carry
significant implications for the analysis in this section; our baseline results remain robust to the exclusion
of these observations.
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The third specification (column3) testswhether the debt effectswe observe are spe-
cific to the financial crisis period. For all three debt metrics, the coefficient on the nega-
tive incomeshock interactedwith indebtedness is larger during thefinancial crisis. How-
ever, thedebt effects for negative incomechanges remainboth statistically andeconom-
ically significant for periods outside of the financial crisis, indicating that this is not sim-
ply a crisis effect. The increased magnitude of the coefficients during the GFC can be
attributed to business cycle effects magnifying the severity of shocks and tighter credit
constraints due to limited supply of bank lending throughout this period. However, a
Wald test for equality of non-GFC andGFC coefficients on the negative income change-
indebtedness interaction is not rejected, returning an p-values of 0.20, 0.32, 0.41 in the
DSR, DTI and Leverage regressions respectively.
The interaction of housing wealth effects with the debt measures are not as con-

sistent as the income results. The debt-service ratio has no incremental effect on the
consumption-wealth elasticity. We do find incremental wealth effects for both debt-to-
income and leverage, similar to the results in Mian et al. (2013), albeit only when hous-
ing wealth falls. Furthermore, we do not observe these channels playing a significant
role during the financial crisis. The results on wealth should be read with some care as
they indicate rather large standard errors. When compared to Disney et al. (2010), that
also use the BHPS data for the period between 1994 and 2003 but changes in savings
to back-out changes in consumption, we find slightly stronger income effects but more
moderate wealth effects. This divergence could be attributed to their identification of
wealth effects as “unpredictable changes in house prices” (a variable not available in
USoc). As far as indebtednessmeasures are concerned, theyfind stronger elasticities for
households in negative equity experiencing wealth gains. While we do not control for
negative equity explicitly, and find no significant consumption-wealth-debt effects for
increases in housingwealth (Table 7). We do, however, observe a largerwealth elasticity
for high leverage householdswhen housingwealth falls (0.11), which could be viewed as
a being broadly in line with their results, assuming higher leverage households aremore
likely to be in negative equity after a fall in house prices.
The results in this section show that household indebtedness affects how household

spending responds to income and wealth shocks, pointing to the crucial importance of
income falls in particular. Our findings confirms evidence from the recent literature for
the UK, the Netherlands and other countries (Bunn et al., 2018; Christelis et al., 2019).
Much of this literature focuses on the financial crisis period, which naturally raises the
question of whether the results apply outside of this period. Our analysis using 23 years
of data suggests that these debt-channel effects are not specific to the financial crisis.
This means that, even outside of periods when system-wide issues maybe impinging
credit supply, negative income shocks drag more heavily on the spending of more heav-
ily indebted households. Importantly, our use of longitudinal data, revealing individual

21



variations in income and wealth for indebted households, points to the role of idiosyn-
cratic shocks affecting consumption changes. This is important evidence in support of
asymmetric expansionary and contractionary policies to support demand, as suggested
in (Bunn et al., 2018).
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Table 5: Debt-service ratio and sensitivity of households to changes in income
(1) (2) (3)

VARIABLES Annual change in spending on non-durables
Change in income 0.067*** 0.050*** 0.051***

(0.009) (0.010) (0.010)
DSRt−1 -0.033 0.018 -0.004

(0.020) (0.023) (0.022)
Change in income×DSRt−1 0.099***

(0.035)
Change in income≥ 0×DSRt−1 0.054

(0.036)
Change in income< 0×DSRt−1 0.398***

(0.071)
Change in income≥ 0×DSRt−1 ×GFC = 0 0.054

(0.038)
Change in income≥ 0×DSRt−1 ×GFC = 1 0.041

(0.049)
Change in income< 0×DSRt−1 ×GFC = 0 0.290***

(0.076)
Change in income< 0×DSRt−1 ×GFC = 1 0.428***

(0.102)
Change in house value 0.072*** 0.075*** 0.058***

(0.022) (0.022) (0.022)
Change in house value×DSRt−1 -0.122

(0.104)
Change in house value≥ 0×DSRt−1 -0.200

(0.122)
Change in house value< 0×DSRt−1 -0.013

(0.138)
Change in house value≥ 0×DSRt−1 ×GFC = 0 -0.105

(0.122)
Change in house value≥ 0×DSRt−1 ×GFC = 1 -0.040

(0.206)
Change in house value< 0×DSRt−1 ×GFC = 0 0.201

(0.165)
Change in house value< 0×DSRt−1 ×GFC = 1 -0.047

(0.190)
Enter unemployment 0.011 0.010 0.010

(0.021) (0.021) (0.021)
Enter unemployment×DSRt−1 -0.251** -0.209** -0.165*

(0.098) (0.098) (0.094)
Constant 0.066*** 0.063*** 0.065***

(0.010) (0.010) (0.010)
Observations 61,678 61,678 61,678
R-squared 0.006 0.007 0.007

Notes: Sample is owner-occupier households with a mortgage, 1994-2017. ‘DSR’ is the debt-service
ratio, as defined in the text. GFC is a dummy variable equal to one for the financial crisis period (2008-
12). Standard errors in parentheses. (∗), (∗∗), (∗ ∗ ∗) significant at the 10, 5 and 1 per cent levels re-
spectively. For variable definitions, see notes to Table 3.
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Table 6: Debt-to-income ratio and sensitivity of households to changes in income
(1) (2) (3)

VARIABLES Annual change in spending on non-durables
Change in income 0.075*** 0.057*** 0.058***

(0.008) (0.009) (0.008)
DTIt−1 -0.001 0.002* 0.001

(0.001) (0.001) (0.001)
Change in income×DTIt−1 0.002

(0.001)
Change in income≥ 0×DTIt−1 -0.000

(0.001)
Change in income< 0×DTIt−1 0.021***

(0.004)
Change in income≥ 0×DTIt−1 ×GFC = 0 -0.000

(0.001)
Change in income≥ 0×DTIt−1 ×GFC = 1 0.001

(0.002)
Change in income< 0×DTIt−1 ×GFC = 0 0.015***

(0.005)
Change in income< 0×DTIt−1 ×GFC = 1 0.022***

(0.006)
Change in house value 0.045** 0.050*** 0.047**

(0.019) (0.019) (0.019)
Change in house value×DTIt−1 0.004

(0.005)
Change in house value≥ 0×DTIt−1 -0.005

(0.007)
Change in house value< 0×DTIt−1 0.016**

(0.008)
Change in house value≥ 0×DTIt−1 ×GFC = 0 -0.001

(0.007)
Change in house value≥ 0×DTIt−1 ×GFC = 1 -0.000

(0.012)
Change in house value< 0×DTIt−1 ×GFC = 0 0.025***

(0.009)
Change in house value< 0×DTIt−1 ×GFC = 1 -0.002

(0.012)
Enter unemployment 0.002 -0.001 -0.009

(0.018) (0.019) (0.018)
Enter unemployment×DTIt−1 -0.014*** -0.011** -0.009*

(0.005) (0.005) (0.005)
Constant 0.058*** 0.055*** 0.057***

(0.010) (0.010) (0.010)
Observations 51,582 51,582 51,582
R-squared 0.006 0.006 0.007

Notes: Sample is owner-occupier householdswith amortgage, 1994-2017. ‘DTI’ is the debt-to-income,
as defined in the text. GFC is a dummy variable equal to one for the financial crisis period (2008-12).
Standard errors in parentheses. (∗), (∗∗), (∗ ∗ ∗) significant at the 10, 5 and 1 per cent levels respec-
tively. For variable definitions, see notes to Table 3.
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Table 7: Leverage ratio and sensitivity of households to changes in income
(1) (2) (3)

VARIABLES Annual change in spending on non-durables
Change in income 0.075*** 0.076*** 0.072***

(0.011) (0.011) (0.010)
LEVt−1 -0.001 0.012 0.010

(0.007) (0.008) (0.008)
Change in income×LEVt−1 0.005

(0.018)
Change in income≥ 0× LEVt−1 -0.040*

(0.022)
Change in income< 0× LEVt−1 0.052**

(0.022)
Change in income≥ 0× LEVt−1 ×GFC = 0 -0.035

(0.022)
Change in income≥ 0× LEVt−1 ×GFC = 1 -0.023

(0.035)
Change in income< 0× LEVt−1 ×GFC = 0 0.040*

(0.023)
Change in income< 0× LEVt−1 ×GFC = 1 0.070**

(0.035)
Change in house value 0.062*** 0.056*** 0.060***

(0.020) (0.021) (0.020)
Change in house value×LEVt−1 0.004

(0.005)
Change in house value≥ 0× LEVt−1 -0.022

(0.029)
Change in house value< 0× LEVt−1 0.069

(0.059)
Change in house value≥ 0× LEVt−1 ×GFC = 0 -0.026

(0.031)
Change in house value≥ 0× LEVt−1 ×GFC = 1 0.010

(0.042)
Change in house value< 0× LEVt−1 ×GFC = 0 0.114*

(0.061)
Change in house value< 0× LEVt−1 ×GFC = 1 -0.162

(0.106)
Enter unemployment -0.007 -0.005 -0.015

(0.022) (0.022) (0.021)
Enter unemployment×LEVt−1 -0.058 -0.054 -0.040

(0.037) (0.037) (0.035)
Constant 0.056*** 0.055*** 0.056***

(0.011) (0.011) (0.011)
bservations 51,963 51,963 51,963
R-squared 0.006 0.006 0.006

Notes: Sample is owner-occupier households with a mortgage, 1994-2017. ‘LEV’ is the leverage (debt-
to-asset) ratio, as defined in the text. GFC is a dummy variable equal to one for the financial crisis
period (2008-12). Standard errors in parentheses. (∗), (∗∗), (∗ ∗ ∗) significant at the 10, 5 and 1 per
cent levels respectively. For variable definitions, see notes to Table 3.
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5 Concluding Remarks
This paper explored the impact of incomeandwealth changes to consumption responses
in the UK economy for the period from 1994 to 2017. To track individual households
over timeandcontrol for idiosyncratic shocks,weconstructedademandequation frame-
work to combine panel data on income from the BHPS and the USoc datasets, with con-
sumption data from repeated cross-sectional surveys. Using this panel series estimation
of non-durable expenditure, we estimated the consumption elasticities out of changes in
income and housing wealth, while controlling for household’s level of indebtedness.
All our panel estimations control for unemployment transitions and invariant house-

hold characteristics. We studied how indebtedness, measured by the debt service ra-
tio, the debt-to-income ratio and the loan-to-house-value ratio affected consumption
adjustments. We assessed whether negative and positive shocks imply the same ad-
justments, and also controlled for the Global Financial crisis, aiming to uncover whether
business cycle effects affect the relationship.
Our evidence reveals that consumption growth is significantly positively correlated

with income, followed by wealth growth, while it is negatively correlated with transi-
tions to unemployment. We found that theMPC out of income is higher for mortgagors
and renters than households owning a dwelling. We found that falls in income triggered
remarkably larger adjustments inhousehold consumption than incomerises for indebted
households. The debt effects for negative income changes remain significant for peri-
ods before and after the financial crisis, pointing that this is not just a business cycle
effect. This finding reinforces and generalizes the asymmetric shocks hypothesis, evi-
denced also in previous analyses for the UK and other countries.
An explicit policy implication of thisfinding is that an increase in interest rates aiming

to combat inflation or a fiscal consolidation package would have larger contractionary
impactonaggregate spending than theequivalent effect of anexpansionarypolicy change,
especially when the economy is characterized by a high level of household debt.
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A Appendix Definitions of variables
Food Expenditure (BHPS/USoc). Food expenditure is estimated by taking the sum of
two further variables in the Understanding Society dataset, i.e, food eaten in and out of
premises. Food inpremises is a relatively broadvariable comprisingof both foodand fur-
ther expensesonnon-durables fromthe supermarket. The relevant question in theUSoc
questionnaire is the following “About how much has your household spent in total on food
and groceries in the last fourweeks froma supermarket or other food shop ormarket? Please do
not include alcohol but do include non-food items such as paper products, home cleaning sup-
plies and pet foods.”. Food out of premises includes any type of food consumption out of
home, excluding alcohol and tobacco (“And about how much have you and other members
of your household spent in total on meals or snacks purchased outside the home in the last
four weeks? Please include food bought from takeaways, restaurants, sandwich shops, work or
school canteens but do not include alcohol.”).
Food Expenditure (LCF/FES).We select consumer items from the FES and LCF diaries
thatmatches theBHPS/USoc questionnaire. In particularwe include total food andnon-
alcoholic beverage consumption for both children and adults aswell as a number of non-
durables typically bough from the super-market such as kitchen disposables, electrical
consumables, toiletries, etc. With respect to food consumed out of home, we include all
consumption eatenoff premises, including restaurants, catered food, confectionery, soft
drinks, as well as meals at work or school.
Net Income (BHPS/USoc). Net income refer to total household’s income comprising of
labour, pension, benefit, self-employment, transfer, and investment income, net of any
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labour tax deductions. Since income is not provided in the BHPS survey, we use the esti-
mates provided by Levy and Jenkins (2008). For the USoc survey, we use the net income
estimates provided by the UKData Service.
Owner-occupier housing wealth. Refers to the current nominal value of the house-
hold’s primary residence. The corresponding question in the main-stage interview of
the BHPS/USoc data set is “About how much would you expect to get for your home if you
sold it today?”

Enter unemployment. This variable takes the value 1 if any of the household members
has entered a state of unemployment between two consequent waves, and 0 either if
themember has stayed unemployed, or remained employed.
Leverage. Leverage refers to the Loan-to-value ratio on owner-occupied property. It is
estimated using the total amount secured against property variable (“Could I just check,
approximately how much is the total amount secured against this property, including your
mortgage and any other loans secured on the property?”), divided by owner-occupied hous-
ing wealth.
Debt Burden. Debt burden refers to the household’s mortgage debt service ratio, mea-
sured by the amount of payments for the servicing of the debt (“How much was your last
total monthly installment on the mortgage(s) or loan(s)?” over household’s net income.
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