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Household Finance and Consumption Network (HFCN) 
This paper contains research conducted within the Household Finance and Consumption Network 
(HFCN). The HFCN consists of survey specialists, statisticians and economists from the ECB, the 
national central banks of the Eurosystem and a number of national statistical institutes. 
 
The HFCN is chaired by Ioannis Ganoulis (ECB) and Oreste Tristani (ECB). Michael Haliassos 
(Goethe University Frankfurt), Tullio Jappelli (University of Naples Federico II) and Arthur Kennickell 
act as external consultants, and Sébastien Pérez-Duarte (ECB) and Jiri Slacalek (ECB) as 
Secretaries. 
 
The HFCN collects household-level data on households’ finances and consumption in the euro area 
through a harmonised survey. The HFCN aims at studying in depth the micro-level structural 
information on euro area households’ assets and liabilities. The objectives of the network are: 

1) understanding economic behaviour of individual households, developments in aggregate 
variables and the interactions between the two;  

2) evaluating the impact of shocks, policies and institutional changes on household portfolios 
and other variables; 

3) understanding the implications of heterogeneity for aggregate variables; 
4) estimating choices of different households and their reaction to economic shocks;   
5) building and calibrating realistic economic models incorporating heterogeneous agents;  
6) gaining insights into issues such as monetary policy transmission and financial stability. 

 
 
The refereeing process of this paper has been co-ordinated by a team composed of Pirmin Fessler 
(Oesterreichische Nationalbank), Michael Haliassos (Goethe University Frankfurt), Tullio Jappelli 
(University of Naples Federico II), Sébastien Pérez-Duarte (ECB), Jiri Slacalek (ECB), Federica 
Teppa (De Nederlandsche Bank), Oreste Tristani (ECB) and Philip Vermeulen (ECB).  
 
The paper is released in order to make the results of HFCN research generally available, in 
preliminary form, to encourage comments and suggestions prior to final publication. The views 
expressed in the paper are the author’s own and do not necessarily reflect those of the ESCB. 
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Abstract 

In this paper, we estimate consumption in the first wave of the Eurosystem 
Household Finance and Consumption Survey for a subset of countries that account 
for around 85% of the aggregate final consumption expenditure of households in the 
euro area. For this purpose we use the methodology described by Browning et al. 
(2003), taking advantage of the few questions on consumption asked to households 
participating in the survey and information on consumption collected in the 
Household Budget Surveys. Using also the framework developed for statistical 
matching, we give assessments of the uncertainty related to this kind of estimation. 
We find that the quality of estimation varies greatly across countries and in general is 
sensitive to the Conditional Independence Assumption implicitly made through this 
exercise. At any rate, estimations of consumption (provided throughout this paper) 
should be used with caution, bearing in mind that they rely on strong assumptions. 

JEL codes: D120, D140, D310 

Keywords: consumption, income, wealth, survey, HFCS, HBS, statistical matching 
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Non-technical summary 

When looking at macro-data, households' consumption expenditure turns out to be 
an essential component of GDP, evolving in a parallel way over time and contributing 
significantly to it. Explaining and understanding consumption behaviours is therefore 
essential with regard to economic policies, not least because of the long-term 
consequences of saving behaviours on capital accumulation. Across euro area 
countries, levels of mean consumption have proven to be quite heterogeneous and, 
depending on the countries, to have reacted significantly to the crisis in 2008. 

Some facts are already well documented regarding consumption behaviours and 
may be observed in the data: thus, average consumption varies with age, and in 
particular it tends to drop after 60. It naturally increases with income and moreover, 
the share of food in consumption expenditure is expected to decrease with income. 
This last pattern is however not verified for some of the countries of the euro area. 
Finally, savings, defined as the residual between income and consumption, follow a 
pattern consistent with the life cycle theory: strongly negative at the beginning of 
active life, it increases as time passes, then tends to decrease with retirement and 
the subsequent drop in income. Finally, the higher current income is, the more 
households save as a share of their income. 

Our goal in this paper is to link households' income, consumption and also wealth. 
For this purpose we use the data from the Household Finance and Consumption 
Survey (HFCS); this survey coordinated by the European Central Bank, is aimed at 
collecting at household level detailed information on assets and liabilities.  We have 
also at our disposal information on gross income and a few variables related to some 
sub-items of consumption (mainly food consumption). Using another European 
survey on consumption, the Household Budget Survey (HBS), we are able to link, 
through modelling, a given level of consumption expenditure, along with some 
variables describing the household, with a level of consumption for non-durable 
goods and services. We apply this link to a sample of countries. As a result, we face 
a dataset containing a representative sample of households; for each of these 
households, we have at our disposal data on income, wealth and consumption. The 
imputation reproduces relatively well the expected distribution and links with other 
variables, although the quality of the imputation may vary quite significantly across 
countries. 

Such an exercise is based on strong hypotheses and in particular, it assumes that 
once the level of food consumption and the demographic variables are taken into 
account, the level of consumption is independent from another variable that we 
would like to include in the analysis – wealth for instance. We implement different 
methods in order to estimate the uncertainty related to the estimates we may 
develop from such an exercise. The most basic methods show that the estimations 
remain quite stable. Nevertheless, using experimental methods to relax our main 
assumption of conditional independence assumption leads us to far wider intervals of 
plausibility, thereby proving that the estimation relies a lot on this assumption. To 
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conclude, in case such an assumption turns out to be wrong, this would jeopardise 
the entire estimate. Therefore, conclusions drawn from these data have to be made 
cautiously. 
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1 Introduction and motivation for 
estimating consumption in the HFCS 

1.1 Consumption as a key element of GDP 

Understanding households’ consumption is essential in economic analysis as 
consumption expenditure accounts for an essential part of national GDP in most 
developed countries. In particular, between 2000 and 2013, households’ total 
expenditure typically accounted for 56% of GDP, a very steady share across the 
years. 

As shown on Chart 1, GDP per capita reached 
EUR 28,600 in 2013, while households’ consumption 
expenditure per capita was up to EUR 16,000. The two 
aggregates have evolved in a similar manner over the 
period, even if consumption turned out to be less 
sensitive to the crisis in 2008 than GDP. 

This is confirmed by the analysis at national level of the 
importance of households’ consumption as a proportion 
of GDP. Indeed, the share of consumption grew in most 
of the countries belonging to the euro in 2008 and 
2009, reflecting the resistance of households’ 
consumption to negative shocks (Chart 2). 

Chart 2 reveals also a strong heterogeneity across 
euro area countries with regards to the importance of 
households’ consumption as a proportion of GDP: thus 
households’ consumption accounts for about 72% of 
Greek GDP in 2012, while it represents only 30% of the 
GDP for Luxembourg. Most interestingly, the share of 

consumption decreased strongly over the period, by more than 10 points. Such a 
decreasing pattern may be observed only for two other countries, Malta (-7 points 
between 2000 and 2013) and the Netherlands (-4 points). 

Chart 1 
GDP and final consumption expenditure per capita in 
euro area 

(current EUR in thousands; the definition of the euro area is kept constant over time, 
encompassing 18 countries as of 1st January 2014) 

 

Sources: Eurostat. 

10

15

20

25

30

2000 2002 2004 2006 2008 2010 2012

GDP per capita
consumption expenditures of households per capita



Statistics Paper Series No 22, May 2017 8 

Chart 2 
Households' consumption expenditure as a share of GDP 

 

Sources: Eurostat. 

As shown on Chart 3, consumption plays an important role in GDP growth, which is 
of course the direct consequence of its importance in total GDP. Between 2000 and 
2008, consumption contributed to between 1 and 2 points of GDP growth, which 
represents a strong contribution given the growth rate of GDP over this period. The 
consequence of more steady consumption from 2008 onwards, its contribution has 
turned out to be weaker in recent years. However, the fact that the growth of GDP 
has also slowed tends to support the idea that consumption is an essential 
determinant of GDP growth. 

Finally, consumption represents the ultimate goal of all 
economic activity. Indeed, one of the main assumptions 
of economic theory consists in the fact that the more 
individuals consume, the more their well-being 
increases. From this point of view, describing and 
understanding the link between consumption and 
wealth or income is essential. 
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Chart 3 
Contribution to final consumption expenditure to euro 
area GDP growth (in % point) 

 

Sources: Eurostat. 
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1.2 Consumption is driven, at least partly, by monetary 
policies 

As a result, the estimation of the impact of economic policies on consumption is 
essential for assessing the efficiency of such policies. A large body of literature aims 
to examine such effects (see for instance Lettau et al. (2002), Muellbauer (2010), 
Carroll et al. (2011) or Aron et al. (2012), essentially on U.S. data). 

Turning now to Europe, estimations of wealth effects for some countries belonging to 
the euro area have been made by Slacalek (2009), following the same methodology 
as Carroll, et al. (2011). These estimates based on macro-data show significantly 
lower wealth effects in countries belonging to the euro area than in countries outside 
the euro area1. This paper also addresses the issue of the heterogeneity of wealth 
effects according to the type of assets; indeed, the reaction of households to shocks 
according to the liquidity of the assets which those shocks impact. The authors find a 
significantly lower if any marginal propensity to consume out of housing wealth rather 
than financial wealth (see Table 1). 

Table 1 
Marginal propensity to consume out of wealth according to euro area countries 

(stars on the left side of the figure indicate the statistical significance of the estimations: * 10%, ** 5". *** 1%) 

Country Total wealth effect Housing wealth effect Financial wealth effect 

AT 0.14 0.40 -2.17 

BE -0.02 0.63 -6.74 

DE 3.32* 14.24 2.86 

ES 2.38*** 5.33** 6.24** 

FI 4.03*** -3.58 18.15*** 

FR 1.07 2.89* 2.30 

IE 1.84* 2.09 9.15* 

IT -0.33 10.30* -1.07* 

NL 1.14** 2.68* 3.17 

Note: Marginal propensities to consume consist of the cumulated effects on consumption resulting from an initial shock to wealth. 
Sources: Slacalek (2009). 

Wealth effects turn out to be strongly heterogeneous according to the type of assets, 
but also the institutional conditions regarding housing and financial markets. At the 
same time, differences in household portfolios may explain the various reactions to 
an increase (or decrease) of an asset’s price. Indeed such statistics are computed at 
the macro-level; in that sense, micro-data may help to better take into account 
heterogeneous effects of shocks experienced on the different types of assets. 

                                                                    
1  In this paper, countries belonging to the euro area are: AT, BE, ES, FI, FR, IE, IT, NL. 
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1.3 Understanding wealth accumulation is also key to the 
long-term perspective 

As already mentioned, on the one hand, understanding consumption dynamics is 
essential for evaluating the effect of monetary policies on the economy. On the other 
hand, the description of wealth accumulation and its determinants is also of huge 
interest, as it ultimately will determine the distribution of a non-negligible part of 
income. From this point of view, the heterogeneity of saving rates plays a crucial role 
which has to be accurately described and understood. 

According to National Accounts, the gross saving rate ranges between -7.6% of 
disposable income in CY and 16.6% in DE which highlights strong differences with 
regards to the saving rates across countries. Saving rates may be affected in the 
short term by unexpected increases or decreases in disposable income. Therefore 
asymmetric shocks to income that may affect the euro area may lead to an increase 
in the heterogeneity in saving rates. However, the range observed in the euro area 
remains somewhat constant over time (see Chart 4). This seems to reveal rather 
structural differences and national specificities in the way European households tend 
to accumulate wealth across countries. 

Chart 4 
Evolution of gross saving rate in the euro area between 1995 and 2013 

(percentage points) 

 

Sources: Eurostat. 

The analysis of such differences may be performed using micro-data which could 
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Also, special concerns have to be taken into account regarding the precise definition 
of the saving rate. As shown for instance by Audenis et al. (2002), the level of saving 
rate is highly sensitive to its definition. Needless to say, this definition should be the 
most homogeneous possible across countries. It affects not only consumption 
(through durables, transfers in kind), but also income (disposable income vs. 
adjusted disposable income, indirect taxes…). 

1.4 A reinforced need to focus the economic analysis on 
households 

Published in 2009, the Sen-Stiglitz-Fitoussi report underlines the need to focus more 
closely on the household sector, as it is more likely to reflect human well-being.  In 
particular, it states that the emphasis should be put on consumption and income 
rather than GDP; it also insists on the importance of taking into account distributional 
indicators as average values usually provided by National Accounts do not give a full 
picture of the resources individuals have at their disposal in order to finance their 
needs. Finally, it call for a better description of the link between income, consumption 
and wealth, as these three dimensions are essential in order to understand how 
households allocate their resources, also in view of analysing financial sustainability 
for households. 

From this point of view, surveys aimed at collecting information on households’ 
balance sheet, income and consumption should be used in order to better assess 
the distributional aspects of these dimensions. There is still room for improvement of 
the statistical information system, as there are few variables on consumption in 
surveys such as HFCS and EU-SILC, and also very few details on assets, 
indebtedness or income in surveys such as HBS. 
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2 Consumption in the euro area: what do 
we already know? 

2.1 Repartition of consumption across the euro area 

Households in the euro area consumed an average yearly amount of EUR 36,400 in 
2013; this figure was EUR 33,800 in 20052 (Chart 5). This figure hides strong 
differences between countries: average consumption was EUR 78,200 in LU in 
2013, more than 4.5 times higher than in EE, LT or LV. One of the most noticeable 
evolutions is the one in IE: average yearly consumption reached EUR 54,700 in 
2007, before strongly decreasing during the crisis, losing 16% of its value between 
2008 and 2009. From this point of view, the evolution of consumption following the 
crisis took different paths depending on the countries. 

Chart 5 
Evolution of average household consumption in nominal terms in the euro area 

(thousands in EUR) 

 

Sources: Eurostat. 

The evolution of consumer prices is also heterogeneous across the euro area: the 
HICP increased by 18% between 2005 and 2014 in the euro area, but this increase 
ranges from 10% for IE to 40-50% for the Baltic States (see Chart 6). 

                                                                    
2  The euro area is kept unchanged across time, encompassing 19 countries as of beginning of 2015. 
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Chart 6 
Annual evolution of HICP in the euro area 

 

Sources: Eurostat. 

Taking into account the evolution of consumer prices delivers a quite different picture 
of consumption in the euro area over the period: between 2005 and 2013, 
consumption in real terms decreased by 10%, with a turning point in 2009, when 
average consumption has decreased by EUR 2,200 (2005 prices). The most striking 
drop concerns IE, where consumption decreased by 37% in real terms over the 
period, and especially in 2009 with a decrease of EUR 7,200 on average. 
Conversely, SK or LV experienced a 50% increase of their average consumption. 
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gas and fuel): its share was 24% in 2014. Here again, this share may differ strongly 
depending on the country: it ranges from 11% in MT to 28% in FI. 

Chart 7 
Evolution of households' consumption basket in the euro area between 2005 and 
2014 

 

Sources: Eurostat. 

Likewise, transport expenses account for 13% of the total expenditure in the euro 
area, ranging from 7% in SK to 17% in LU. 

The allocation of expenditure across the different items proves to be very stable over 
time, as shown by the evolution of the composition of the households’ basket. 
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More surprisingly, the prices for the different categories have evolved in very different 
ways, without causing any significant change in the structure of consumption. 
Between 2005 and 2014, the price index for food and non-alcoholic beverages rose 
by almost 18%, similar to the evolution of the global HICP over the period. At the 
same time, prices for alcoholic beverages, tobacco and narcotics increased by 36%, 
prices for housing and transport went up by 30% and 24% respectively, while 
recreation and clothing prices remained almost stable (+3% and +6% respectively). 
Telecommunication prices actually saw a strong decrease over the period, by 19%. 

Neither the prices nor the evolution of income seem to have an effect (at least over a 
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according to the evolution of the different prices, then this reveals a strong 
heterogeneity of reactions across the population. 

2.2 The Household Budget Survey: a first insight into 
understanding consumption 

Aside from the information provided in National Accounts, we focus on information 
on consumption at the micro-level. Indeed, aggregate statistics provide reliable 
information on the evolution of average consumption in the euro area; however it 
does not reveal everything about the heterogeneity that may affect households 
along, say, the distribution of income or wealth. In order to better assess the choices 
made by households regarding consumption and savings, collecting information at 
the same time on wealth, income and consumption at the micro-level is essential. 

The Household Finance and Consumption Survey (HFCS) conducted in the euro 
area by National Central Banks, is aimed at gathering information on these three 
particular aspects at the household level, with important differences in terms of 
details. Wealth and indebtedness are very well described in the questionnaire, while 
the survey only collects approximate pieces of information about income and actually 
contains only three or four questions on consumption, essentially focusing on food 
consumption. Therefore, the HFCS cannot pretend to shed light on households’ 
consumption behaviours per se. 

Another important source of information regarding consumption is the Household 
Budget Survey (HBS) which is conducted in all EU countries by the National 
Statistical Institutes. The primary aim of these surveys is the computation of weights 
for the Consumer Index Price. As such, these surveys collect very detailed pieces of 
information on households’ expenditure through diaries that households participating 
in the survey are asked to fill in. Such a method turns out to be inapplicable in the 
case of the HFCS, the questionnaire for which is already very long and demanding. 
However, the HBS data already contain some insights into consumption behaviours 
in the euro area. 
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Chart 8 
Coverage rate for total consumption in the HBS data as compared with National 
Accounts 

 

Sources: Eurostat. 

The HBS was conducted in the Member States of the European Union in 1988, 
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Chart 9 
Ratios to the average consumption according to age of the reference person 

 

Sources: Eurostat. 

Regarding the main results shown by the HBS data, age turns out to have a 
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Chart 10 
Ratios to the average consumption according to the income quintile 

 

Sources: Eurostat. 

Other variables, such as the socio-economic category or the household structure, 
may help explain the amount of consumption for a given household. Thus, in 2010 
households in the euro area where the reference person was unemployed spent 
38% less on average than the total population; retired people also consumed on 
average 16% less. However, the effect of this particular variable has to be estimated 
for given income; from this point of view, micro-data are crucial as they enable micro-
econometric analyses to be carried out. 

Finally, as expected, the size of the household has an impact on the expenditure of 
the household. Single persons consume on average 37% less than the total 
population; households with three or more adults and dependent children spend 44% 
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income rises3. This result holds for most of the euro area countries: 12 out of 19 
countries exhibit such a pattern. However, as shown in Chart 11, this is not the case 
for some countries, for instance FR or NL, for which the evolution of the share of 
food follows rather a hump-shaped curve. This leads to the fact that overall, in the 
euro area, the Engel curve does not seem to hold, as the share of food for the first 
income quintile (14%) is lower than the proportions for the higher quintiles 
(respectively 16%, 15%, 15% and 14% for the second, third, fourth and last 
quintiles). However, this finding is probably valid only with income quintiles defined at 
                                                                    
3  This result is known as the Engel's law. 
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the national level. Indeed, given the heterogeneity across the different countries, it is 
very likely that quintiles defined at the euro area level would verify the Engel curve 
assumption. 

Chart 11 
Share of food in total consumption according to income quintile 

 

Sources: Eurostat. 

The patterns according to other variables may differ across countries. For instance, 
the share of food increases almost linearly as age increases for the euro area as a 
whole; it is not the case in DE for instance where it decreases slightly after 60. 

2.3 An initial exercise of statistical matching at the macro-
level 

An initial approach would consist of using averages broken down by some 
demographic variables that would be common (and comparable) between the 
different surveys. As an example, it is possible to compute aggregate saving rates 
broken down by the age of the reference person or by income quintile thanks to the 
matching of EU-SILC and HBS data for year 2010. This exercise relies on the 
assumption that the covariates used for the break downs are fully comparable across 
both surveys. Therefore, when focusing on the age of the reference person, the 
definition of the reference person is essential in order to ensure full comparability 
between HBS and EU-SILC data. The retained definition here is the one 
recommended by the Canberra group (UNECE, 2011). Another source of divergence 
lies in the point in time taken for defining the age of the reference person: age at the 
moment of the interview, age at the end of the year, and so on. However, 
divergences for such a definition should affect only slightly the repartition of 
households according to the break downs and therefore may be ignored. 
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Chart 12 shows the result of this approximate exercise 
for which average disposable income (as measured in 
EU-SILC) and average consumption (as measured in 
HBS) have been broken down into four age groups, 
which then enables saving rates for each of these 
groups to be computed. Results are consistent with the 
data already disseminated; households with a reference 
person under 30 strongly dissave (the aggregate saving 
rate for this group of households is -9.1%), then the 
aggregate saving rate follows a pattern consistent with 
the life cycle theory: saving rates increase with age, up 
to 60, then decline in accordance with the drop in 
income due to retirement. However older people seem 
on average to keep on saving. This cannot be 
explained with the basic life cycle theory; dynastic 
models provide some hints for understanding such a 
phenomenon. 

Another part of the exercise consists of breaking down income and consumption 
according to income quintile. Indeed, income is very often measured in HBS data, as 
it may help explain consumption behaviours. However, there is no common definition 
for income in HBS and it does not necessarily refer to disposable income, making it 
impossible to compute directly a proper saving rate from HBS data. However, we 
make a classical "rank" assumption, stating that the household ranking according to 
income is not sensitive to the definition of income. Hence households in the first 
quintile of disposable income as measured in EU-SILC are the same as the ones in 
the first quintile of income as measured in HBS. 

Chart 13 shows the results for such an exercise. Here 
again, the outcome is consistent with other 
disseminated exercises: the first quintile of income 
strongly dissaves (less than -20% in total) whereas the 
aggregate saving rates increase as income rises. 

This exercise makes it possible to exhibit figures easily 
for some sub-groups of the total population and 
describe approximately the variety of situations faced 
by households in terms of budget constraints. However, 
this work suffers from severe limitations. The first one is 
related to the comparison with external sources of 
information, such as National Accounts. Indeed, for the 
year 2010, the matching between HBS and EU-SILC 
data shows an aggregate saving rate of 5.5% for the 
euro area, whereas in the National Accounts this figure 
is about 13%, almost three times higher than the figure 
given by surveys. Another limitation is related to the 

Chart 12 
Average saving rate broken down by age of the 
reference person in the euro area 

 

Sources: Eurostat. 

Chart 13 
Average saving rate broken down by income quintile in 
the euro area 

 

Sources: Eurostat. 
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nature of the data produced: meso-data as such offer very limited possible analyses, 
as the produced statistics are at most bi-dimensional. This is the kind of drawback 
that more elaborated statistical matching aims to solve. 
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3 Methods for estimating consumption at 
the micro-level 

3.1 Overview of the literature on statistical matching 

Collecting information on consumption in surveys is a recurrent theme, as it is one 
key aspect of analysing the economic behaviour of households. Hamermesh (1982) 
first investigated the question by comparing the measure of consumption as obtained 
in the Retirement History Survey (RHS) and the one given by the Consumer 
Expenditure Survey (CE). Those two surveys are aimed at measuring very different 
dimensions: the RHS follows retired people over time, while the CE is the official 
survey for measuring American households’ expenditure and which is basically the 
US counterpart of HBS. The author investigated a possible decline in consumption 
after retirement; taking advantage of the longitudinal data of the RHS, he bases his 
analysis on the few questions on consumption that exist in this survey for estimating 
such a decrease, as the CE cannot provide a time span long enough to assess 
properly the effect of retirement on consumption. Following the same idea, Skinner 
(1987) links information from the CE about the share of food in total consumption 
and the value of the main residence with the Panel Study of Income Dynamics 
(PSID) which aims to describe income in a longitudinal dimension (the US 
counterpart for the EU-SILC). This exercise allows him to estimate total consumption 
in the PSID and thereby explain about 78% of the variation of total consumption.  
This paper constitutes the seminal paper for the method that is intended to be shown 
in this report. 

This framework has been implemented in many surveys, using different approaches 
that may be more or less complex. One of the most elaborate approaches was 
described by Blundell et al. (2004) who also estimated consumption in the PSID 
using information form the CE. They address in a more comprehensive way the 
issue of potential endogeneity through time of consumption. Indeed, current 
consumption at least partially results from past decisions of consumption. To do so, 
the authors use a standard demand function which is the inversion of the equation 
estimated by Skinner (1987). However, they use a more general model than the one 
usually used as they also address the potential non-linearity of the demand equation. 
In a broader perspective, Browning et al. (2003) describe in a comprehensive way all 
the different methods that may be used for collecting information on consumption in 
a survey that was originally not intended to focus on such a dimension. In particular, 
they provide a general framework for the method initiated by Skinner (1987) and they 
list some generic prescriptions according to the different experiments already 
implemented in the surveys. These experiments consisted basically of asking 
questions similar to the ones that are asked in the HFCS. In particular, they analyse 
results given by questions on broad consumption (that may be called "one-shot 
questions"), typically worded as follows: "How much do you spend on everything in a 
typical month?". Such questions have been for instance included in the Canadian 
Out of Employment (COEP) or the Italian Survey on Household Income and Wealth 
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(SHIW). They conclude that such questions lead to a strong underreporting 
phenomenon, which also has been confirmed by Cifaldi and Neri (2013). 
Nevertheless Browning et al. (2003) also suggest the existence of methods for 
correcting such biases as long as the underreporting remains consistent over time. 

Browning et al. (2003) also comment on the alternative solution of asking questions 
on a list of precise and limited sub-items; the most satisfying solution consists of 
having a comprehensive list of sub-items in order to reconstruct easily the total 
consumption. A recent experiment was conducted with the German Socio-Economic 
Panel Study (SOEP), with pretty conclusive results (see Marcus, et al. (2013)). This 
experiment consisted of a module of 16 items that aimed to describe overall 
consumption. The comparison of the obtained distribution with the one given by the 
HBS data gives good results; however, adding a complete module in an already long 
questionnaire increases the response burden substantially. The other option consists 
of asking questions on specific items that are essential for understanding total 
consumption: food is one of them. Then a method similar to the one elaborated by 
Skinner (1987) enables total consumption to be estimated in a general purpose 
survey.  This is a second-best solution; and of course the result of the estimation has 
to be strongly compared to statistics given by HBS data. 

Linking information from two surveys, especially in order to assess links between 
different variables that do not co-exist in the same survey, is typical of the statistical 
matching exercise. D'Orazio et al. (2006) propose a general framework for this 
exercise. Statistical matching is at stake when facing 3 sets of variables X, Y and Z; 
it is only possible to assess the joint distributions 𝑓(𝑋,𝑌) and 𝑓(𝑋,𝑍) (typically because 
the surveys measure jointly X,Y and X,Z). They address theoretical and practical 
issues, not only for estimating the joint distributions 𝑓(𝑌,𝑍) and 𝑓(𝑋,𝑌,𝑍), but also for 
assessing the uncertainty related to such an estimation. The current method set out 
below is strongly based on the framework they provide. Formal exercises of 
statistical matching have already been undertaken on survey data in order to link at 
the same time income, wealth and consumption for European data. For instance, 
Sutherland et al. (2002) have matched the UK Family Expenditure Survey with the 
Family Resources Survey in order to run simulations on fiscal policies. Other 
initiatives may be recalled, such as the one conducted by Eurostat (2013), whose 
aim was to link information on consumption and on poverty. They have even 
evaluated the feasibility of matching information between EU-SILC and HFCS data in 
another report. Cifaldi and Neri (2013) have also linked information for the SHIW with 
the Italian EU-SILC and HBS. Finally, Baldini et al. (2015) have developed a more 
sophisticated framework for linking the EU-SILC and HBS data, using a mixture of 
regressions and conditional hot-deck. 

The evaluation of the uncertainty is also essential in order to assess the quality of 
the estimation and also provide the users with tools that would enable them to have 
an idea of the validity of the conclusions they may draw from the exercise. Since the 
estimation is similar with imputation, one solution would consist of computing 
multiple estimations of the desired variable. D'Orazio et al. (2006) focus on the 
estimation of uncertainty at the macro-level; they also provide a few references for 
dealing with uncertainty at the micro-level. For instance, Rubin (1986) describes a 



Statistics Paper Series No 22, May 2017 24 

procedure of statistical matching involving multiple imputations; he also addresses in 
this paper the question of the sample weights that is crucial when performing file 
concatenation of survey data. As stated by D'Orazio et al. (2006), the exercise of 
statistical matching often relies on the conditional independence assumption (CIA); 
this assumption may be strongly questioned, as it assumes the absence of a link 
between Y and Z conditionally to X. The literature offers different ways for discussing 
this issue; one most notable answer is the algorithm described by Rässler (2004) 
that makes it possible to relax the CIA assumption and account for uncertainty over 
the correlation between Y and Z. 

3.2 Description of the main method 

3.2.1 Theoretical framework 

The estimation of consumption in a general purpose survey may be seen as 
statistical matching as it involves the estimation of an equation that is based on the 
information provided by the HBS data. Browning et al. (2003) describe a theoretical 
framework that relies on very general assumptions about the composition of total 
consumption. Following this paper, we focus more specifically on the consumption of 
non-durable goods and services; to justify this choice, Browning et al. (2003) argue 
that expenditure for non-durable is linked more closely with food consumption than 
total consumption; in particular, consumption of durable goods relies on very specific 
determinants and should be established in a different way. 

Turning then to non-durable consumption4, we follow Browning et al. (2003) who 
considers a list of items (𝑐1, … , 𝑐𝑛). Each of these n items may be linked with non-
durable consumption, assuming a linear Engel curve specification: 

𝑐𝑖 = 𝛼𝑖 + 𝛽𝑖𝑐 + 𝑢𝑖 

where 𝑐 denotes consumption for non-durable and 𝑢𝑖 a residual following for 
instance a normal law. This specification is even more likely to hold with a log 
transformation. Considering then the share 𝜔𝑖 of item 𝑖 in non-durable consumption, 
it is possible to combine the 𝑛 Engel equations in order to express non-durable 
expenditure as a linear combination of the different items 𝑐𝑖: 

𝑐 = �−�𝛼𝑖
𝜔𝑖

𝛽𝑖

𝑛

𝑖=1

� +
𝜔1

𝛽1
𝑐1 + ⋯+

𝜔𝑛
𝛽𝑛

𝑐𝑛 −�
𝜔𝑖

𝛽𝑖
𝑢𝑖

𝑛

𝑖=1

 

The parameters of this equation may be estimated by OLS on the HBS data and 
then applied on the HFCS in order to have an estimation of c for each household. 

                                                                    
4  Durable goods are included in items 051, 052, 053, 054, 055, 091, 092 and 093 of COICOP 

classification. The rest of the items are considered to belong either to non-durable (and semi-durable) 
goods or services; all are therefore included in non-durable consumption. 
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3.2.2 Choice of covariates and specification 

Once this framework is set, it is essential to determine which items (𝑐1, … , 𝑐𝑛) have to 
be included. Following Browning et al. (2003) again, we have to choose the items 
that are assumed to be accurately measured by simple "recall questions". Items 
such as "food at home", "food away from home" or "utilities" have turned out to be 
quite well measured thanks to this kind of question; it is also important that they 
represent a significant share of non-durable consumption, at least for part of the 
population. From this point of view, the measurements of the different items from the 
surveys we are using have to be closely compared, as the comparability of the result 
may be determinant for the final result. We also focus on the predictive power of 
these different items over non-durable consumption. 

Following the different papers using such a methodology, we also introduce in the 
equation demographic variables in order to reflect as much as possible the pattern of 
consumption according to age, level of education, income or household structure. 
Here again, these variables have to be measured in the most harmonised way 
between HBS and HFCS data; it is hence essential to compare the different 
repartitions given by the surveys. 

Similarly to Blundell et al. (2004), we adopt a log-specification for the dependent 
variables and the covariates giving amounts for items of consumption. This log-
specification is intended to deal with potential heteroscedasticity of the residuals. 
Hence the equation that we wish to estimate is the following one: 

log(𝑐) = 𝛽0 + 𝛽1 log(𝑐𝐹) + 𝛽2 log(𝑐𝑂) + 𝛾′𝑋 

where 𝑐𝐹, 𝑐𝑂  and 𝑋 respectively denote the food consumption at home, the food 
consumption away from home and the different demographic variables. These 
demographic variables convey some additional information that may be very useful; 
in particular, it is easy to show that the MPC estimated with such a method will be 
driven only by food consumption in case there are no demographics in the equation. 

3.2.3 Treatment of the uncertainty 

Once the equation is estimated, it is therefore possible to compute an estimation of 
the yearly non-durable consumption for every household belonging to the HFCS. At 
the household level, the uncertainty should remain quite high in the sense that it is 
very likely that the consumption for one given household is poorly evaluated. 
However, the method is rather meant to provide information on consumption for 
different groups of the population, not only in terms of aggregates, but also in terms 
of distribution. The uncertainty at the household level is reflected through the 
residuals that are given by the estimation of the equation in the HBS. Therefore, it is 
important to take into account this unexplained part, not only in the estimation 
procedure itself, but also as one key element for the evaluation of the quality of this 
estimation. 
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As a first step, we have to consider the procedure for taking into account the 
residuals in the estimation; we have (at least) three options at our disposal: 

• The first one is simply computing the expectancy conditionally to the covariates 
for each household. As we have assumed that residuals follow a normal law, we 
can write the expectancy as follows: 

𝐸(𝑐|𝑐𝐹 , 𝑐𝑂 ,𝑋) = 𝑒𝛽0 . 𝑐𝐹𝛽1 . 𝑐𝑂𝛽2 . 𝑒𝛾′𝑋 . 𝑒
𝜎2
2  

• The second one is obtained by drawing residuals from a truncated normal law, 
with ad-hoc definitions for the lower and the upper bounds (for instance the 
lower bound may be defined as the sum of the different collected items). 

• The last one consists of a conditional hot-deck over the residuals computed on 
the HBS data. Stratification may help to address potential heteroscedasticity for 
the estimated equation. This method has been implemented for instance by 
Cifaldi and Neri (2013). 

The uncertainty related to the estimation may be calculated in a first step thanks to a 
Monte-Carlo algorithm, encompassing the information on uncertainty given by the 
OLS performed on HBS data. Indeed the parameters of the equation are estimated 
with an uncertainty which may be assessed thanks to the variance-covariance matrix 
Σ𝛽,𝛾� . The other source of uncertainty is related to the unexplained part of the 
equation; the dispersion of the residuals and the R² related to the estimation provide 
an idea of this uncertainty. The uncertainty may be assessed through simulations, 
thanks to the following algorithm: 

• Generate 1,000 coefficients ��̂�, 𝛾�� given that the estimation of (𝛽, 𝛾) follows a 
normal law of mean (𝛽, 𝛾) and of variance Σ𝛽,𝛾. 

• Draw 1,000 times residuals according to the procedure that has been finally 
applied in order to take into account residuals in the equation. 

• Compute 1,000 estimations of consumption which will provide an estimation of 
the variability of the estimation. The 1,000 estimations may be used for any 
statistics involving consumption; it may then give an idea of the robustness of 
the conclusions drawn thanks to this method. 

This exercise, as the entire estimation, relies on the assumption that conditionally to 
the covariates, non-durable consumption and the other variables in the HFCS (e.g. 
wealth) are independent: this is the Conditional Independence Assumption (CIA) 
already mentioned before. We then implement the so-called non-iterative Bayesian 
multiple imputation algorithm (NIBAS) described by Rässler (2004) in order to 
evaluate how the obtained estimation is sensitive to the CIA. As this is often the case 
for assessing the range of plausible values in statistical matching, this algorithm 
relies on the fact that the variance-covariance matrix should be positive definite. For 
variables X, Y and Z, the CIA means that the correlation between Y and Z 
conditionally to X is 0. The NIBAS algorithm offers a way of testing all possible 
correlations between Y and Z and keeping only the ones that provide valid variance-
covariance matrices for Y and Z. For a broader description of the algorithm, see 
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Rässler (2004). However, it relies on strong assumptions about the functional link 
between consumption and wealth; therefore its results cannot be considered a 
reliable estimation of the complete range of plausible values for consumption. It only 
gives an idea of the sensitivity of the estimation, once the price for assumptions 
different from the CIA is paid. 

The quality of the estimation will be assessed thanks to these different algorithms; 
part of the results that will be presented hereafter are already available in Lydon 
(forthcoming) and Lamarche (2015). 

3.2.4 From non-durable consumption to total consumption 

The estimation of non-durable consumption should not hide the ultimate goal of this 
exercise, which is the estimation of total consumption. Adding consumption of 
durable goods may not be limited to a methodological issue, but also a conceptual 
one. On the one hand, depending on the considered good, consumption in the 
National Accounts may be computed either as a depreciation of the stock of durable 
goods that is held by households or through the expenses for the purchase of such 
goods; on the other hand, the HBS data always measure the several purchases of 
durable goods that households have undertaken during the year. As consumption of 
durable goods may cover different concepts – although most of the durables that are 
classified in the HBS are now also seen as expenses in the National Accounts, it 
may be useful to differentiate between the various uses that may be made from a 
variable about total consumption. 

When it comes to saving rates, the comparison with National Accounts may be 
essential, as one would be interested in understanding the level of aggregate saving 
rates in Europe. Moreover, the purchase of durable goods cannot be completely 
assimilated into consumption in the case of HFCS, as some durable goods may 
come under the composition of wealth (durables and valuables indeed constitute a 
component of assets that may be held by households). For these different reasons, it 
may be interesting to focus on a concept of consumption similar to the one used by 
the National Accounts. A natural way of computing durable consumption would be 
hence to break down the flow of aggregate durable consumption between 
households according to their stock of durables. Considering 𝐹, 𝐹𝑖 and 𝑠𝑖 
respectively the aggregate flow of durable consumption, the durable consumption for 
the household 𝑖 and the share of durables possessed by the household 𝑖, the 
computation would be written as follows: 

𝐹𝑖 = 𝐹. 𝑠𝑖 

This method is an approximate way of breaking down aggregate figures at the micro-
level. The main advantages are the simplicity of the method and its consistency with 
concepts and figures coming from the National Accounts. However, it certainly does 
not reflect a reality at the household level. 

If we now focus more on the link between wealth and certain types of consumption 
(and especially consumption for durables), it would be useful to impute specifically 
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the purchases for durables that households may have carried out during the year of 
reference; this necessitates a specific model, as the determinants of such purchases 
are likely to strongly differ from the ones for non-durable consumption. However, the 
same demographic variables may enter in the equation, associated with different 
parameters. Nevertheless, in many cases, one lacks common variables in the HFCS 
and in the HBS that would be relevant regarding the decision of purchasing durable 
goods. 

3.3 Comparison of the HFCS and the HBS for the 
participating countries 

3.3.1 Definition of the different covariates 

As stated by D'Orazio et al. (2006), comparison of the distribution of the covariates is 
essential in order to assess properly the bias that may affect the estimation in the 
HFCS. In particular, the variables describing items of consumption have to be 
relatively close between the HFCS and the HBS. 

Three items may be used, depending on their availability in the HFCS: food 
consumption at home (that is described by variable HI0100), food away from home 
(variable HI0200) and utilities (variable HNI0100 in HFCS wave 1; variable HI0210 in 
wave 2). In the HBS data, following the COICOP classification, these different 
variables are defined as follows: 

• Food consumption at home is given by item CP01, including also CP021 

• Food consumption away is given by item CP111 

• Utilities are given by items CP0443, CP045 and CP0813 

Another important item of consumption, especially for those households which do not 
possess their own home, is rents. Rents here exclude of course imputed rents, even 
if this specific covariate has been successfully tested for some of the countries (IT). 
The tenure status of the household is also included in the covariates, as it may 
strongly affect the consumption behaviour of the household. 

Demographic variables are defined according to the reference person. Age, gender, 
level of education and status of employment are defined on the basis of the 
reference person. The definition of the reference person in both surveys follows the 
recommendations expressed by the Canberra group (UNECE, 2011). Hence the 
reference person is defined as follows: 

(a) One of the partners in a registered or de facto marriage, with dependent 
children, 

(b) One of the partners in a registered or de facto marriage, without 
dependent child 
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(c) Alone parent with dependent children 

• The person with the highest income, 

• The eldest person. 

The size of the household and the number of children are also encompassed in the 
covariates, as they do not pose any conceptual issues. Finally, income is also 
included, as it may strongly influence behaviours in terms of consumption. However, 
there are different comparability issues regarding income; in most cases, incomes 
are not directly comparable between the HFCS and the HBS. In most cases, the 
concepts of income differ, HFCS focusing on gross income while HBS data 
encompass information on net income. Also, the modes of collection are very often 
different. All these different issues make the use of such a covariate difficult. One 
way of dealing with these different issues is rather to use income quintiles, thereby 
making the assumption that the hierarchy across the various ways of measuring 
income remains the same. 

3.3.2 Comparing distribution 

As stated in Browning et al. (2003), the comparability between the different sources 
that are meant to be matched is essential. Even if the first wave of the HFCS is 
considered to be 2010, the reference periods may vary across countries, starting 
from 2008 for ES to 2011 for DE, LU, MT and AT. Therefore, it may be good to 
choose the HBS wave that better fits the reference period for the HFCS. As in some 
cases, the HBS occurs every year, it is possible to estimate the equation using very 
appropriate data; in other cases the HBS only occurs every 5 years. The reference 
period in the European Union is set to 2010; however there may be some differences 
that in the end may have an effect on the results. At any rate, the comparability of 
both sources has to be assessed, comparing the distributions of the covariates 
according to HBS and HFCS data. 

First of all, as food consumption explains about two thirds of the variation of total 
consumption (Table 2), it constitutes a key variable for which the comparability is 
essential. Also the risk of discrepancy for this specific variable is higher than for the 
other covariates: indeed the way this variable is collected differs widely between the 
two surveys. In the case of HBS, information on expenditure for food consumption 
(away or/and at home) is gathered using diaries that households are asked to fill in 
during the fieldwork. In the case of the HFCS, food consumption is addressed 
through only two questions, distinguishing consumption at home from consumption 
away from home. These two different ways of collecting information are likely to give 
on average (and also in terms of variability) very different results. This is the reason 
why one should carefully check the distribution before using it as a covariate. 
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Chart 15 
Estimated distributions for food consumption for CY 

(kernel density estimates; optimal Gaussian kernel) 

 

Sources: HFCS and HBS, author's computations. 

Chart 17 
Estimated distributions for food consumption for ES 

(kernel density estimates; optimal Gaussian kernel) 

 

Sources: HFCS and HBS, author's computations. 

Chart 14 
Estimated distributions for food consumption for BE 

(kernel density estimates; optimal Gaussian kernel) 

 

Sources: HFCS and HBS, author's computations. 

Chart 16 
Estimated distributions for food consumption for DE 

(kernel density estimates; optimal Gaussian kernel) 

 

Sources: HFCS and HBS, computation by Bundesbank. 
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Chart 19 
Estimated distributions for food consumption for IT 

(kernel density estimates; optimal Gaussian kernel) 

 

Sources: HFCS and HBS, author's computations. 

Chart 21 
Estimated distributions for food consumption for MT 

(kernel density estimates; optimal Gaussian kernel) 

 

Sources: HFCS and HBS, author's computations. 

Chart 18 
Estimated distributions for food consumption for FR 

(kernel density estimates; optimal Gaussian kernel) 

 

Sources: HFCS and HBS, author's computations. 

Chart 20 
Estimated distributions for food consumption for LU 

(kernel density estimates; optimal Gaussian kernel) 

 

Sources: HFCS and HBS, author's computations. 
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Chart 23 
Estimated distributions for food consumption for SK 

(kernel density estimates; optimal Gaussian kernel) 

 

Sources: HFCS and HBS, author's computations. 

As shown from Chart 14 to Chart 23, there are strong differences between the 
different measures of food consumption. The global shape of distribution is 
somewhat preserved in general; however the percentiles differ sometimes strongly. 
On average also, the results are not the same across the different surveys. Finally, it 
is worth noting that there is a strong rounding effect as the amounts given by 
households when asked one single question is most of the time rounded, whereas 
they are not when the information is collected through diaries. 

Another potential factor for explaining non-durable consumption could be the utilities. 
Regarding the variable measured in the HFCS it is a non-core variable for the first 
wave and it is available only for FR (one third of the sample). For the second wave, it 
is a core variable and has been used for instance for estimating consumption for IE 
(see Lydon, forthcoming). In IE, the HFCS overestimates on average expenditure for 
utilities by 39%; in FR, the mean is overestimated by 53%. According to French 
results, this overestimation is overall the consequence of the overestimation at the 
top of the distribution; the median in the HFCS is 14% higher than the one given by 
HBS. 

Regarding rents, the comparison between HBS and HFCS data gives pretty good 
results. First of all, in most cases, the repartition for the tenure status is similar, as 
shown in Table 9 in annex. With the exception of FR, the distribution of the rents 
conditionally to being tenant is rather close between HBS and HFCS. In the case of 
IT, the imputed rents have also been included, as they show consistent distributions 
across both surveys. 

Regarding demographic variables, the common variables show pretty comparable 
repartitions (see Table 9), as they have often been collected in the same way in both 
surveys. 

Another good indication of the similarity of the two surveys would be the 
resemblance in terms of variability, regardless of differences in terms of scale. In 

Chart 22 
Estimated distributions for food consumption for PT 

(kernel density estimates; optimal Gaussian kernel) 

 

Sources: HFCS and HBS, computations by Banco de Portugal. 
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Chart 24, we compare the coefficients of variations for food consumption as 
measured in the HFCS and in the HBS broken down by income quintile. 

Chart 24 
Ratios between coefficients of variation of food consumption according to the income 
quintile 

 

Sources: HFCS and HBS, author's computations. A ratio less than 1 indicates that the coefficient of variation in HBS is higher than the 
one in the HFCS. 

First of all, it turns out that the difference in terms of variability is not the same 
depending on the country. For instance, for FR HFCS data show higher CVs than in 
HBS (74% higher); in ES or in IT, the CVs in the HFCS are lower. More importantly, 
the difference of variability may vary across age, level of education, size of the 
household or income (see Chart 24 and Table 10). This result is of concern, as it 
reveals that the final result may be distorted in some way within the different classes 
defined by the demographic covariates. 
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4 Results for the different countries 

4.1 Explanatory power of the covariates 

Apart from the considerations on the comparability of the variables, the explanatory 
power of the different variables should be assessed, as it reveals the likelihood of a 
given item of consumption reflecting properly the evolution of total consumption. 

Table 2 
Explanatory power of the models 

(OLS - Adjusted R²) 

Models BE CY DE ES FI FR IT LU MT SK 

Only food consumption 0.60 0.71 n.a. 0.66 0.57 0.61 0.51 0.61 0.65 0.70 

Only demographics 0.44 0.57 n.a. 0.48 0.56 0.44 0.36 0.36 0.37 0.54 

Food consumption, demographics 0.67 0.80 0.67 0.73 0.71 0.71 0.60 0.69 0.69 0.78 

Food consumption, demographics, income dummies 0.70 0.82 0.71 0.75 0.75 0.77 n.a. 0.72 0.71 0.81 

Food consumption, demographics, income dummies and 
interactions 

0.70 0.83 n.a. 0.76 0.77 0.78 n.a. 0.72 0.72 0.81 

Sources: HBS. Computation by Bundesbank for DE, author's computations for other countries. 

As shown in Table 2, the inclusion of food consumption in the equation improves 
significantly the explanatory power of the covariates for describing non-durable 
consumption. There is then a trade-off between the improvement of the explanatory 
power of the equation and the noise and bias that the inclusion of this variable may 
add, as the mode of collection differs strongly between the two surveys. 

The other crucial point is the inclusion or not of the income in the equation. One 
initial choice that has been made for this work is to use the quintile of income in 
order to eliminate potential strong discrepancies between the two surveys for 
measuring income. Indeed, depending on the survey, the mode of collection but also 
the definition of income may strongly vary: gross or net income, collected through 
one single question, a set of questions describing the different components, or 
retrieved thanks to administrative data, the variable may suffer from various biases 
and distortions. Therefore, including income is possible thanks to the definition of a 
hierarchy with respect to income, thereby making the assumption that the global 
ranking is not sensitive to either the definition of income or its mode of collection – 
the 'rank assumption' mentioned in section 2.3. However, including income does not 
turn out to be straightforward: on the one hand, Browning et al. (2003) point out that 
the inclusion of such a variable in the model may introduce potential spurious 
relationships between income and consumption. On the other hand, one would 
argue that broad conditioning would justify the inclusion of any variable that may 
have a relevant effect on consumption in the equation. A pragmatic approach 
consists of comparing the results with and without income; as shown in Table 2, the 
inclusion of the variable improves slightly the explanatory power of the equation. 
However, before arguing for its inclusion or its exclusion, it is also necessary to look 
at the other criteria for assessing the quality of the imputation. 
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4.2 Comparing the distribution of non-durable consumption 
between observed HBS and estimated HFCS data 

Once the estimation of the equation made on the HBS data has been made, the 
second natural step consists of applying the estimated coefficients to the HFCS data 
in order to estimate non-durable consumption. As explained in section 3.2.3, one key 
point of this work is the inclusion of the residuals. Different options have been tested, 
with no clear-cut preference for one or the other. 

Different sets of covariates have been tested, especially regarding the inclusion or 
not of income variables. The outcome of part of the comparative analysis is shown 
from Chart 25 to Chart 32, for which the density of consumption estimated with or 
without income is shown. It is also possible to compute unidimensional statistics 
which would then provide an unambiguous hierarchy between the different options, 
such as the statistics for the Kolmogorov-Smirnov test. However, including income 
turns out, from a graphical point of view, not to have a strong impact on the final 
estimation. In the end, the argument on broad conditioning should prevail, as 
conditioning with income is more likely to preserve the already observed correlation 
between income and consumption. 

Chart 26 
Estimated distributions for non-durable consumption in 
CY - including and not including income as a covariate 

(kernel density estimates; optimal Gaussian kernel) 

 

Sources: HFCS and HBS, author's computations. 

Chart 25 
Estimated distributions for non-durable consumption in 
BE - including and not including income as a covariate 

(kernel density estimates; optimal Gaussian kernel) 

 

Sources: HFCS and HBS, author's computations. 
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Chart 28 
Estimated distributions for non-durable consumption in 
ES - including and not including income as a covariate 

(Kernel density estimates; optimal Gaussian kernel) 

 

Sources: HFCS and HBS, author's computations. 

Chart 30 
Estimated distributions for non-durable consumption in 
FR - including and not including income as a covariate 

(kernel density estimates; optimal Gaussian kernel) 

 

Sources: HFCS and HBS, author's computations. 

Chart 27 
Estimated distributions for non-durable consumption in 
DE - including and not including income as a covariate 

(kernel density estimates; optimal Gaussian kernel) 

 

Sources: HFCS and HBS, computation by Bundesbank. 

Chart 29 
Estimated distributions for non-durable consumption in 
FI - including and not including income as a covariate 

(kernel density estimates; optimal Gaussian kernel) 

 

Sources: HFCS and HBS, author's computations. 
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Chart 32 
Estimated distributions for non-durable consumption in 
MT - including and not including income as a covariate 

(kernel density estimates; optimal Gaussian kernel) 

 

Sources: HFCS and HBS, author's computations. 

Different specifications including interaction between income variables and other 
covariates have also been tested. In particular, interactions between food 
consumption and income have been tested in order to take into account potential 
Engel law’s effects. Indeed, even a log specification with polynomial terms may not 
be sufficient to address potential non-linearity in the upper part of the income 
distribution. Table 11 shows the final specification for taking into account interactions 
between income and food consumption. 

Regarding food consumption, some countries have collected the information in one 
single variable, pooling altogether consumption at home and away from home. Some 
others have collected the two variables separately. It is then possible to test across 
this set of countries models that distinguish between the two variables or not: a 
Chow test makes it possible to conclude that it is preferable to separate food 
consumption at home and away from home. 

Chart 31 
Estimated distributions for non-durable consumption in 
LU - including and not including income as a covariate 

(kernel density estimates; optimal Gaussian kernel) 

 

Sources: HFCS and HBS, author's computations. 
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Chart 34 
Estimated distributions for non-durable consumption in 
CY - specification of the residuals 

(kernel density estimates; optimal Gaussian kernel) 

 

Sources: HFCS and HBS, author's computations. 

Chart 36 
Estimated distributions for non-durable consumption in 
FI - specification of the residuals  

(kernel density estimates; optimal Gaussian kernel) 

 

Sources: HFCS and HBS, author's computations. 

Chart 33 
Estimated distributions for non-durable consumption in 
BE - specification of the residuals 

(kernel density estimates; optimal Gaussian kernel) 

 

Sources: HFCS and HBS, author's computations. 

Chart 35 
Estimated distributions for non-durable consumption in 
ES - specification of the residuals 

(kernel density estimates; optimal Gaussian kernel) 

 

Sources: HFCS and HBS, author's computations. 
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Chart 38 
Estimated distributions for non-durable consumption in 
IT - specification of the residuals 

(kernel density estimates; optimal Gaussian kernel) 

 

Sources: HFCS and HBS, author's computations. 

Chart 40 
Estimated distributions for non-durable consumption in 
IT - specification of the residuals 

(kernel density estimates; optimal Gaussian kernel) 

 

Sources: HFCS and HBS, author's computations. 

Chart 37 
Estimated distributions for non-durable consumption in 
FR - specification of the residuals 

(kernel density estimates; optimal Gaussian kernel) 

 

Sources: HFCS and HBS, author's computations. 

Chart 39 
Estimated distributions for non-durable consumption in 
LU - specification of the residuals 

(kernel density estimates; optimal Gaussian kernel) 

 

Sources: HFCS and HBS, author's computations. 
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Finally the question of the residuals to be added to the 
consumption equation has to be tackled, as it may have 
an impact on the final estimation. Different methods for 
taking into account the residuals have been 
implemented; the most simple consists of computing 
the expectancy for each household conditionally to his 
characteristics. This method requires very little 
information apart from the covariates; however, it 
suffers from two strong weaknesses. The first one is 
related to the fact that the set of possible values to be 
attributed to the household may then be very limited, 
leading to accumulation points in the distribution: this is 
for instance particularly striking for Finnish data (see 
Chart 36). The second one is linked with the normality 
assumption, which may be questionable particularly in 
the case of heteroscedasticity. 

There is then a choice to be made between the 
conditional hot-deck and the truncated normal law. The 

main drawback of drawing residuals from a truncated normal law is that here again 
we make a strong assumption, whereas hot-deck only requires residuals from the 
regression performed on HBS data. This last option has the advantage of being 
assumption-free; however, one needs to disseminate a derived form of the HBS 
micro-data in order to enable the user to replicate the exercise. The final results 
obtained with a truncated normal law are given in Table 3; they can also be 
computed by the reader in SAS or Stata thanks to the scripts that are in annex of this 
paper. 

Table 3 
Ratios between percentiles as measured in HBS and the ones estimated in HFCS 

(chart information) 

Indicators BE CY DE ES FI FR IT LU MT PT SK 

P1 1.25 1.43 1.01 1.46 0.98 1.42 1.32 1.24 1.33 1.75 1.19 

P5 1.19 1.36 1.06 1.18 0.92 1.19 1.30 1.16 1.28 1.38 1.10 

P10 1.15 1.26 1.11 1.09 0.94 1.11 1.30 1.17 1.18 1.27 1.11 

P25 1.13 1.14 1.12 0.97 0.96 1.07 1.20 1.18 1.08 1.11 1.10 

P50 1.09 1.05 1.13 0.90 0.99 1.05 1.16 1.20 1.07 1.03 1.13 

P75 1.10 1.00 1.12 0.87 0.97 1.06 1.06 1.17 1.04 1.01 1.15 

P90 1.14 0.98 1.16 0.87 0.96 1.14 1.06 1.16 1.01 1.03 1.16 

P95 1.16 0.99 1.18 0.86 0.97 1.26 1.03 1.22 0.94 1.09 1.15 

P99 1.22 1.00 1.35 0.82 0.94 1.92 0.99 1.43 0.87 1.40 1.06 

Sources: HBS and HFCS data. Computations by Bundesbank for DE, computations by Banco de Portugal for PT, author's 
computations for other countries. 

Chart 41 
Estimated distributions for non-durable consumption in 
SK - specification of the residuals 

(kernel density estimates; optimal Gaussian kernel) 

 

Sources: HFCS and HBS, author's computations. 
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4.3 Comparison of break downs for non-durable consumption 
between HBS and HFCS data 

In order to assess the quality of the final estimation of consumption in the HFCS, it is 
possible to compare the different breakdowns obtained with this estimation with the 
ones given by the HBS. As the breakdowns are made with variables that are 
included in the estimation equation, we expect the results to be close to what we 
observe in HBS. However, significant gaps between HFCS and HBS data would 
indicate that the estimation failed in reproducing expected patterns for consumption. 
We investigate break downs according to the age of the reference person, his or her 
level of education, the structure of the household and the income quintile. We 
specifically focus on three different indicators: the median, the mean and the share 
of food consumption. 

Chart 43 
Comparison of medians by age of RP in CY 

 

Sources: HFCS and HBS, author's computations. 

Chart 45 
Comparison of medians by age of RP in ES 

 

Sources: HFCS and HBS, author's computations. 

Chart 42 
Comparison of medians by age of RP in BE 

 

Sources: HFCS and HBS, author's computations. 

Chart 44 
Comparison of medians by age of RP in DE 

 

Sources: HFCS and HBS, computations by Bundesbank. 
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Chart 47 
Comparison of medians by age of RP in FR 

 

Sources: HFCS and HBS, author's computations. 

Chart 49 
Comparison of medians by age of RP in LU 

 

Sources: HFCS and HBS, author's computations. 

Chart 46 
Comparison of medians by age of RP in FI 

 

Sources: HFCS and HBS, author's computations. 

Chart 48 
Comparison of medians by age of RP in IT 

 

Sources: HFCS and HBS, author's computations. 
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As shown from Chart 42 to Chart 50, the medians 
computed for each class of age in the HFCS are 
relatively close to the ones observed in the HBS. At 
least the pattern according to the age for consumption 
turns out to be the same in the two surveys. 

One other crucial point is the replication of the pattern 
for the share of food as part of consumption according 
to age. The share of food may decrease after 30 and 
then increase when the household’s reference person 
is more than 44: this is particularly the case for IT. 
However, section 2.2 has proved that for euro area as a 
whole, the share of food rather increases as age rises. 
Finally, for several countries, the models turn out not to 
reproduce in a satisfactory way the expected pattern 
(Table 4). 

Table 4 
Comparison of food as a share of consumption, between HBS and HFCS data 
according to the age of the reference person 

Age BE CY DE ES FR IT LU SK 

0-29 1.9 5.0 4.4 -3.0 0.7 -2.6 3.4 1.3 

30-44 2.2 5.6 4.8 -4.4 2.2 0.2 2.3 4.8 

45-59 2.5 10.3 4.8 -1.8 0.8 -0.1 2.2 3.8 

60+ 3.5 10.3 5.5 0.9 1.6 -1.0 5.6 0.7 

Total 2.5 8.5 4.9 -1.9 3.4 -0.6 3.2 3.1 

Sources: HBS and HFCS data. Computation by Bundesbank for DE, author's computations for other countries. 

Also in annex (from Chart 75 to Chart 84), medians broken down by the household 
structure are quite comparable between HBS and HFCS, although sometimes the 
estimated consumption in the HFCS fails to reproduce the variance between the 
different categories. Particularly for IT, the model performs badly with respect to the 
household structure. 

Chart 50 
Comparison of medians by age of RP in SK 

 

Sources: HFCS and HBS, author's computations. 
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Table 5 
Comparison of food as a share of consumption, between HBS and HFCS data 
according to the household structure 

Type BE CY DE ES FR IT LU MT SK 

1 person 4.3 7.1 6.5 1.5 3.5 -0.9 7.7 -5.9 -0.6 

1 person 
with 
children 

3.4 5.9 5.7 -1.2 0.2 -2.2 4.6 -4.5 3.3 

2 persons 2.9 6.4 5.0 -0.9 -0.3 -0.6 7.4 -5.7 0.1 

2 persons 
with 
children 

2.1 8.2 1.0 -3.0 1.5 -0.3 5.8 -3.9 5.5 

3+ persons -4.5 12.8 4.2 -2.0 3.0 -0.9 6.7 -4.0 3.9 

3+ persons 
with 
children 

3.8 10.5 6.6 -4.0 0.8 -3.0 4.5 -3.9 5.9 

Total 2.5 8.5 4.9 -1.9 3.4 -0.6 3.2 0.7 3.1 

Sources: HBS and HFCS data. Computation by Bundesbank for DE, author's computations for other countries. 

Conversely, the share of food is rather stable in IT according to the household 
structure. Indeed, it varies between 26% and 30%, while the estimation in the HFCS 
shows greater variations.  The pattern is satisfyingly reproduced for ES; it is not the 
case for FR (Table 5). 

Finally, the results are also compared according to the level of education of the 
reference person and income. Income is sometimes not available (as is the case for 
IT) and therefore it is not always possible to perform this kind of comparison. 

Chart 52 
Comparison of medians by age of RP in CY 

 

Sources: HFCS and HBS, author's computations. 

Chart 51 
Comparison of medians by age of RP in BE 

 

Sources: HFCS and HBS, author's computations. 
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Chart 54 
Comparison of medians by age of RP in ES 

 

Sources: HFCS and HBS, author's computations. 

Chart 56 
Comparison of medians by age of RP in FR 

 

Sources: HFCS and HBS, author's computations. 

Chart 53 
Comparison of medians by age of RP in DE 

 

Sources: HFCS and HBS, computations by Bundesbank. 

Chart 55 
Comparison of medians by age of RP in FI 

 

Sources: HFCS and HBS, author's computations. 
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Chart 58 
Comparison of medians by age of RP in MT 

 

Sources: HFCS and HBS, author's computations. 

The compared medians for ES and FR broken down by 
income quintiles are shown from Chart 51 to Chart 59. 
As expected, the median consumption is increasing 
with the quintile; however the gap sometimes increases 
with the level of income, especially regarding ES and 
CY; the inverse holds for LU and SK. Here again, the 
estimation does not reflect completely the variance of 
consumption between the different quintiles of income. 
It is also useful to recall here that, as stated in 
section 3.2.2, the inclusion of income quintiles in the 
model relies on an assumption of ranking invariance, 
although there are great differences in terms of income 
levels between HBS and HFCS. 

Regarding the share of food, contrary to the Engel’s 
law, French HBS data show a stable share of food as 
part of consumption. Such a result has already been 

underlined in section 2.2. The estimation reproduces this pattern, as the share of 
food in the HFCS remains almost stable along the income distribution, around 21% 
in the first and in the last quintiles. For ES, the results are more clear-cut, especially 
because the HBS data respect Engel’s law: HBS data show that the share of food 
decreases from 37% in the first quintile to 32% in the last quintile. As a 
consequence, the estimation in the HFCS follows a similar path, as the share of food 
drops from 36% in the first quintile to 30% in the last quintile. 

Finally, regarding the level of education, the results are similar to the ones obtained 
for income. This is quite expected, as the level of education may be regarded as a 
proxy for income. The most interesting results concern IT, for which we do not have 
any result on income. The median doubles between the low-educated people to 
people with a tertiary level (from EUR 14,000 to EUR 28,000 according to HBS 
data). This is not the case in the HFCS data where the median remains stable, 
around EUR 20,000. As for the share of food, it is expected to decrease as the level 

Chart 57 
Comparison of medians by age of RP in LU 

 

Sources: HFCS and HBS, author's computations. 

Chart 59 
Comparison of medians by age of RP in SK 

 

Sources: HFCS and HBS, author's computations. 
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of education goes up; this is observed in the estimated HFCS data, where the share 
decreases from 26% for the less educated people to 19% for the most educated 
ones. 

4.4 Assessment of the uncertainty 

4.4.1 First approach: a basic Monte-Carlo exercise 

As described in section 3.2.3, it is possible to assess the uncertainty related to the 
estimation of consumption in the HFCS, taking as an initial approach the uncertainty 
due to the estimation of the coefficients and the unexplained part of the equation. 
Simulating both the parameters of the equation and the residuals makes it possible 
to take into account the different sources of uncertainty, assuming that the 
Conditional Independence Assumption (CIA) still holds. Such a simulation is then 
implemented in order to compute a significant number of estimations for 
consumption (in this case, we compute 1,000 estimations). It is then possible to use 
the classical inference tools for estimating the confidence intervals related to our 
estimation. 

As shown from Chart 60 to Chart 68, the confidence interval for the estimation of the 
distribution of non-durable consumption is rather small. 

Chart 61 
Confidence intervals for the percentiles of non-durable 
consumption in CY 

 

Sources: HFCS and HBS, author's computations. Confidence intervals at 95%. 

Chart 60 
Confidence intervals for the percentiles of non-durable 
consumption in BE 

 

Sources: HFCS and HBS, author's computations. Confidence intervals at 95%. 
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Chart 63 
Confidence intervals for the percentiles of non-durable 
consumption in FI 

 

Sources: HFCS and HBS, author's computations. Confidence intervals at 95%. 

Chart 65 
Confidence intervals for the percentiles of non-durable 
consumption in IT 

 

Sources: HFCS and HBS, author's computations. Confidence intervals at 95%. 

Chart 62 
Confidence intervals for the percentiles of non-durable 
consumption in ES 

 

Sources: HFCS and HBS, author's computations. Confidence intervals at 95%. 

Chart 64 
Confidence intervals for the percentiles of non-durable 
consumption in FR 

 

Sources: HFCS and HBS, author's computations. Confidence intervals at 95%. 
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Chart 67 
Confidence intervals for the percentiles of non-durable 
consumption in MT 

 

Sources: HFCS and HBS, author's computations. Confidence intervals at 95%. 

The variation for one given household may be quite 
strong, as the estimation at the individual level suffers 
from considerable uncertainty. However, the entire 
estimation is estimated in a very stable way. For 
instance, median consumption remains very stable 
across the different implicates: the coefficient of 
variation related to this estimator is about 1.4% for BE, 
1.3% for CY, 0.5% for ES, 0.4% for FR, 0.8% for FI, 
0.4% for IT, 1.1% for LU, 1.0% for MT and 0.7% for SK. 
Thanks to these 1,000 implicates, it is always possible 
to assess the robustness of one given estimation. 

Chart 69, Chart 70 and Chart 71 present a very rough 
estimation of the link between consumption and wealth 
thanks to a LOESS regression, without any regard to 
the other observable characteristics (in particular 
income or age) that may have an impact on such an 
estimation. The dark blue line represents the 

computation performed with the estimation of non-durable consumption in the HFCS; 
the grey area stands for the confidence interval as given by the 1,000 implicates 
computed for the Monte-Carlo exercise. It then provides an idea of where the 
estimation of such a link (especially with regards to the MPC) may suffer from 
greater uncertainty. As expected, the top of the wealth distribution remains the most 
sensitive one, as the population used for estimating the MPC at the top is rather 
small. Also the light blue line represents the link between wealth and non-durable 
consumption when the variable has been collected among households through a 
‘one-shot’ question. 

Chart 66 
Confidence intervals for the percentiles of non-durable 
consumption in LU 

 

Sources: HFCS and HBS, author's computations. Confidence intervals at 95%. 

Chart 68 
Confidence intervals for the percentiles of non-durable 
consumption in SK 

 

Sources: HFCS and HBS, author's computations. Confidence intervals at 95%. 
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Chart 70 
Link between consumption and gross wealth in FR 

 

Sources: HFCS, author's computations. Link estimated with a LOESS regression, 
confidence intervals at 95%. 

  

Chart 69 
Link between consumption and gross wealth in ES 

 

Sources: HFCS, author's computations. Link estimated with a LOESS regression, 
confidence intervals at 95%. 

Chart 71 
Confidence intervals for the percentiles of non-durable 
consumption in IT 

 

Sources: HFCS, author's computations. Link estimated with a LOESS regression, 
confidence intervals at 95%. 
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4.4.2 Second approach: trying to relax the Conditional Independence 
Assumption 

Another source of uncertainty, as explained by D'Orazio et al. (2006), is related to 
the assumption that conditionally to the covariates, consumption does not depend on 
wealth or indebtedness for instance. This means basically that the entire correlation 
between consumption and wealth is carried out by the correlation between 
consumption, food consumption, age of the reference person and the other 
covariates that are used in the equation. This is questionable, as we would 
specifically like in the end to evaluate such a relationship. 

The different conclusions that may be drawn from the analysis performed on the 
HFCS data may be assessed thanks to robustness checks consisting of relaxing the 
CIA assumption. Such an exercise implies then that the point estimate given by the 
main estimation would be compared with results provided by a range of plausible 
values that consumption may take. Conclusions that would be confirmed by such an 
exercise would then be highly reliable. It is nevertheless difficult to provide the user 
with such data. One simplistic way of estimating the reliability of the estimation would 
consist of using algorithms that aim to generate randomly conditional links between 
consumption and wealth. The algorithms enabling such a robustness check at the 
micro-level are not as simple as the Monte-Carlo exercise developed previously. 
Rässler (2004) describes the so-called NIBAS algorithm that enables to provide an 
idea of the range for the plausible values for consumption, using the fact that the 
variance-covariance between consumption and wealth has to be positive definite for 
defining the plausible values. This algorithm relies on assumptions about such a link, 
and for instance disregards to some extent the non-linearity that may occur at the top 
of the distribution. From this point of view, it may be seen only as a rough estimation, 
but for sure cannot so easily be considered as a robustness check per se. 

The exercise carried out on the data shows unambiguously that the estimation of the 
distribution is much less stable once the CIA is relaxed. As shown in Chart 72, the 
grey area is wider than in Chart 64, partly also because the last figure does not 
represent a formal confidence interval, rather a range of plausible values. In that 
sense, the algorithm makes it possible to relax a considerable amount of hypotheses 
regarding the errors made when estimating consumption. 

As a consequence, the range of possible values taken by the MPCs turns out to be 
much wider than before. The same exercise as the one shown in Chart 70 is 
presented on Chart 73. The range of plausible values turns out to be far wider than 
was previously the case. 
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Chart 73 
Range of plausible values for the link between 
consumption and gross wealth in FR 

 

Sources: HFCS, author's computations. Link estimated with a LOESS regression. 

4.5 Conclusions and caveats 

The different estimations that have been tested over different countries in the HFCS 
make it possible to draw different conclusions for the sake of the estimation of 
consumption in a survey such as the HFCS. First it is essential to have at one’s 
disposal variables that not only explain consumption very well, but also that are 
measured in a pretty consistent way between the HBS and the HFCS. Strong 
discrepancies in terms of distribution and/or totals may jeopardise the final results 
obtained through an estimation of consumption; in particular, the items of 
consumption (food consumption, utilities, and so on) have to be similar across both 
surveys. 

Also it is important to keep in mind that the entire exercise relies on the Conditional 
Independence Assumption (CIA); from this perspective, the different analyses, in 
particular the ones aimed at describing the link between consumption and the 
variables that are not collected in the HBS may be conditioned by this initial 
assumption. It is then also interesting to provide the users with tools that will enable 
them to estimate the sensitivity of their results to this assumption. 

As shown previously, the range of plausible values may be wide, once the CIA is 
given up. It would be also interesting to look for different ways to reduce the possible 
correlations between the different covariates. One way could be to add more 
variables into the NIBAS algorithm; this would probably reduce the interval of 
plausible values, but would also be far more demanding in computational terms for 
an already very cumbersome algorithm. 

Finally, one should also be particularly cautious when using these estimated data as 
a dependent variable for a regression: as emphasised by Crossley et al. (2016), OLS 
procedure involving a dependent variable that has been estimated is biased: the 

Chart 72 
Range of plausible values for the distribution of 
consumption according to the NIBAS algorithm in FR 

 

Sources: HFCS, author's computations. 
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parameters are under-estimated, but can be corrected thanks to the R² of the OLS 
used for the estimation step (please refer to Table 2, last row for the correcting 
coefficients). Consumption may be computed with the method described above on 
the HFCS micro-data thanks to the scripts given in annex of this paper. 
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5 Alternative: the German and the Italian 
experiences 

5.1 The German experience: collecting information on 
savings and building consumption as a residual 

One experiment has been conducted with the first wave of the German part of the 
HFCS, aimed at collecting savings information directly throughout the entire 
questionnaire. The survey collects, for instance, information on regular saving flows 
allocated to each type of asset, but also discretionary savings and even dissaving. 
Net income is also computed thanks to a fiscal simulator, and information on debt 
service is also gathered. Hence the survey combines very precise pieces of 
information both on net income and net saving, which in the end makes it possible to 
compute very easily total consumption as a residual between net income and net 
saving. The Chart 74 shows an overview of how this method performs for 
reproducing information on consumption in the HFCS. 

The methodology and results of constructing total 
consumption from savings flows and income are 
described in Le Blanc and Schmidt (forthcoming). An 
exercise à la Skinner has also been conducted by the 
Bundesbank, following the same methodology as for 
the other countries. The results of such an exercise can 
be seen in Table 2, Chart 27, Chart 44 and Chart 53. 

  

Chart 74 
Range of plausible values for the distribution of 
consumption according to the NIBAS algorithm in FR 

 

Sources: HFCS, author's computations.  
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5.2 The Italian experience 

Most of the matching methods available in the literature are based on the conditional 
independence assumption (CIA) which assumes that the information shared 
between the two surveys (in particular socio-demographic variables) is sufficient to 
derive the joint distribution of interest. As mentioned previously, this assumption is 
questionable. Conti et al. (2015) propose an alternative method to perform statistical 
matching without CIA. The work uses data from two surveys: the first one is the 
Italian survey of household income and wealth (SHIW), the Italian part of the HFCS. 
The second survey is the Italian survey of households’ budgets (HBS). As for the 
other presented techniques, the method assumes that expenditure is best estimated 
in HBS and rests on the questions about expenditure that have been asked in the 
SHIW. This information is used to construct bounds for the average propensities to 
consume of households with given demographic characteristics. A minimum value 
can be constructed using the information on expenditure coming from the SHIW 
survey (which is likely to be underestimated). On the other hand, a maximum value 
can be constructed using the HBS survey. In particular, the work identifies the class 
of all the joint distributions compatible with the marginal information on income and 
expenditure in the two surveys and which meet some constraints on the average 
propensities to consume. Within the set of all the plausible distributions, one joint 
distribution for household income and expenditure is selected via the Iterative 
Proportional Fitting algorithm. This joint distribution is then used to impute 
consumption for each SHIW respondent. 
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Appendices 

Table 6 
Classification of Individual Consumption by Purpose (COICOP) 

Code Items 

CP01 Food and non-alcoholic beverages 

CP02 Alcoholic beverages, tobacco and narcotics 

CP03 Clothing and footwear 

CP04 Housing, water, electricity, gas and other fuels 

CP05 Furnishings, household equipment and routine maintenance of the house 

CP06 Health 

CP07 Transport 

CP08 Communication 

CP09 Recreation and culture 

CP10 Education 

CP11 Restaurants and hotels 

CP12 Miscellaneous goods and services 

 

Table 7 
Differences in distribution of food consumption 

 BE CY ES FI FR IT LU MT SK 

Mean 27.8% 52.7% -15.8% n.a. 23.8% -8.0% 45.1% 5.7% 25.1% 

P5 20.2% 102.6% 30.8% n.a. 40.7% 41.4% 43.2% -2.9% 15.1% 

P10 30.3% 67.7% 8.4% n.a. 38.3% 4.7% 31.3% -3.2% 13.6% 

P25 31.1% 51.8% -6.1% n.a. 29.5% 0.8% 55.4% 3.8% 15.6% 

P50 27.2% 45.3% -7.3% n.a. 12.0% 6.9% 41.2% 9.2% 30.8% 

P75 17.0% 51.3% -22.7% n.a. -9.7% -14.3% 37.0% 7.2% 29.0% 

P90 33.4% 36.7% -24.0% n.a. -2.5% -19.0% 45.0% 7.3% 33.3% 

P95 34.1% 71.8% -17.9% n.a. -1.5% -16.1% 49.6% 3.3% 27.2% 

Sources: HFCS and HBS. Authors computations. 

Table 8 
Differences in distribution of rents 

 BE CY ES FI FR IT LU MT SK 

Mean 22.4% 14.6% 5.7% -5.3% 44.9% -1.7% 2.2% 128.8% 12.8% 

P5 79.0% - 5.1% -0.4% 300.0% -13.1% -21.5% 47.4% 160.4% 

P10 39.0% - 7.9% -6.6% 314.8% -21.8% -25.8% 564.4% 50.0% 

P25 23.5% 58.7% 14.1% -5.3% 72.9% -11.3% -11.5% 276.5% 24.3% 

P50 13.7% 4.2% 9.4% -5.5% 37.4% 0.0% -1.5% 154.5% 12.4% 

P75 11.1% 1.3% 4.1% -6.2% 20.0% 6.3% 0.8% 186.8% 10.0% 

P90 12.0% 4.4% 6.8% -5.1% 15.7% 1.6% 15.2% 260.0% 0.0% 

P95 18.1% -2.4% 7.0% -3.4% 12.0% 0.0% 31.7% 63.6% 5.4% 

Sources: HFCS and HBS. Authors computations. 
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Table 9 
Differences in percentage point between the repartition as measured by HFCS and 
HBS 

 BE CY ES FI FR IT LU MT SK 

Age of RP          

20- 0.2% - 0.0% 0.0% 0.0% -0.1% -0.1% n.a. 0.0% 

21-30 3.3% 3.1% -1.2% 0.3% -0.5% -0.1% 1.0% n.a. 3.5% 

31-40 -0.1% 1.2% 0.9% -0.0% 1.1% -1.7% -2.4% n.a. -0.9% 

41-50 1.1% 0.0% 0.7% 1.3% -1.5% 2.1% 2.6% n.a. 1.7% 

51-60 -4.1% 0.3% 0.1% 1.7% -0.2% -1.3% 0.1% n.a. -0.8% 

61-70 -2.3% -1.3% 0.0% -2.0% 0.2% -0.3% -1.4% n.a. 0.1% 

70+ 1.9% -3.4% -0.6% -1.2% 0.9% 1.5% 0.2% n.a. -3.6% 

Household size          

1 -0.3% 0.3% -3.8% -0.8% 0.5% -5.0% -1.1% 0.0% 2.7% 

2 0.2% 3.5% 1.0% -0.3% -0.5% 3.3% 0.0% 0.0% -1.8% 

3 0.3% 0.6% 3.8% 0.5% 0.0% -0.5% 0.9% 0.0% 0.7% 

4 -0.5% -2.4% 2.0% 0.3% -0.7% 0.9% -0.7% 0.0% -1.0% 

5+ -0.3% -2.3% -2.9% 0.3% 0.7% 1.4% 0.8% -0.2% -0.2% 

Number of children          

0 -5.0% -11.1% -4.9% -2.8% 0.0% -0.9% -6.3% -15.6% -12.4% 

1 3.3% 3.1% 3.7% 1.1% -0.2% -1.1% 1.7% 4.4% 3.5% 

2 1.0% 3.4% 1.9% 1.3% -0.5% 0.8% 1.9% 5.8% 6.9% 

3+ 0.6% 4.4% -0.7% 0.4% 0.8% 1.2% 2.6% 5.3% 1.8% 

Level of education of RP          

1 1.3% -7.4% 3.7% - 3.2% -0.7% 6.5% n.a. -10.0% 

2 0.2% -1.6% -7.7% 2.1% -22.4% -7.2% -13.4% n.a. -28.9% 

3 -20.6% -2.4% -3.4% 5.3% 23.0% 8.3% 6.2% n.a. 35.7% 

5 20.8% 11.4% 7.4% -8.7% -3.8% -0.3% 0.5% n.a. 3.2% 

Labour status of RP          

Employed 1.2% 1.8% -3.8% -0.6% -1.4% 0.0% 2.4% 4.1% 13.2% 

Unemployed 0.4% 0.0% 7.1% 5.7% -0.4% -6.5% -3.6% -6.9% -7.7% 

Retiree 0.5% -1.7% -3.3% -5.1% 1.8% 6.4% 1.2% 2.7% -5.4% 

Tenure status          

Free use - - 0.2% -0.8% - 1.6% - - 0.2% 

Home owner 0.9% 3.5% 2.4% -0.6% 1.5% -5.5% -8.2% 12.6% -2.5% 

Tenant -0.9% -3.5% -2.7% 1.5% -1.5% 3.9% 8.2% -12.6% 2.2% 

Sources: HFCS and HBS. Authors computations. 
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Table 10 
Ratio between the coefficients of variation of food consumption broken down by 
demographic variables 

 BE CY ES FR IT LU MT SK 

Age of RP         

20- 0.88 - 0.85 0.57 0.49 - n.a. 0.61 

21-30 1.49 0.71 0.71 0.85 0.62 0.94 n.a. 1.15 

31-40 1.11 0.76 0.74 1.98 0.71 1.01 n.a. 1.12 

41-50 1.37 1.08 0.76 1.75 0.78 0.96 n.a. 0.98 

51-60 0.97 0.97 0.72 1.54 0.81 0.91 n.a. 1.02 

61-70 1.52 1.06 0.98 2.02 0.81 0.91 n.a. 1.19 

70+ 1.36 0.96 0.85 1.75 0.75 1.25 n.a. 1.11 

Household size         

1 1.28 1.00 0.76 1.76 0.64 1.08 0.79 1.05 

2 1.53 1.01 0.89 1.79 0.70 1.31 0.76 1.11 

3 1.69 1.01 0.95 1.79 0.71 0.98 0.67 0.97 

4 1.18 1.04 0.68 2.25 0.81 0.99 0.81 0.93 

5+ 1.44 0.97 0.79 1.63 0.90 0.91 0.86 0.81 

Number of children         

0 1.27 0.96 0.83 1.70 0.73 1.11 0.91 1.10 

1 1.69 1.19 0.62 1.89 0.72 1.02 0.95 0.92 

2 1.09 0.93 0.94 2.05 0.81 1.03 0.85 0.98 

3+ 1.30 0.96 0.91 1.63 0.88 0.87 0.88 0.81 

Level of education of RP         

1 1.26 1.12 0.87 1.96 0.71 1.02 n.a. 0.40 

2 1.10 0.84 0.58 1.58 0.76 0.80 n.a. 1.43 

3 1.50 0.92 0.81 1.80 0.78 1.00 n.a. 1.08 

5 1.15 1.01 0.90 1.37 0.83 1.12 n.a. 1.06 

Income quintile         

1 1.65 1.00 0.77 1.55 n.a. 1.08 0.92 1.31 

2 1.86 1.00 0.73 1.91 n.a. 0.94 0.93 1.15 

3 1.64 1.03 0.78 2.09 n.a. 0.94 0.89 1.14 

4 1.22 0.82 0.54 2.16 n.a. 1.14 1.08 1.06 

5 1.31 1.03 0.86 1.66 n.a. 1.21 0.94 0.93 

Sources: HFCS and HBS. Authors computations. A ratio less than 1 indicates that the coefficient of variation in HBS is higher than the 
one in the HFCS. 
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Chart 76 
Comparison of medians by type of household in CY 

 

Sources: HFCS and HBS, author's computations. 

Chart 78 
Comparison of medians by type of household in ES 

 

Sources: HFCS and HBS, author's computations. 

Chart 75 
Comparison of medians by type of household in BE 

 

Sources: HFCS and HBS, author's computations. 

Chart 77 
Comparison of medians by type of household in DE 

 

Sources: HFCS and HBS, computations by Bundesbank. 
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Chart 80 
Comparison of medians by type of household in FR 

 

Sources: HFCS and HBS, author's computations. 

Chart 82 
Comparison of medians by type of household in LU 

 

Sources: HFCS and HBS, author's computations. 

Chart 79 
Comparison of medians by type of household in FI 

 

Sources: HFCS and HBS, author's computations. 

Chart 81 
Comparison of medians by type of household in IT 

 

Sources: HFCS and HBS, author's computations. 



Statistics Paper Series No 22, May 2017 63 

Chart 84 
Comparison of medians by type of household in SK 

 

Sources: HFCS and HBS, author's computations. 

Table 11 
Final specifications for the consumption equation  

(OLS coefficients for the estimation of non-durable consumption in HBS data; stars on the left side of the figure indicate the statistical significance of the estimations: * 10%, ** 5". *** 
1%) 

Chart 83 
Comparison of medians by type of household in MT 

 

Sources: HFCS and HBS, author's computations. 

Covariates BE CY DE ES FI FR IT LU MT PT SK 

Constant 8.98*** 8.83*** 17.83*** 7.14*** 9.44*** 8.57*** 0.24 2.17 11.98 8.48*** 1.72*** 

Log food consumption at home 0.08 -0.54** -4.36 0.24*** - 0.24*** 0.11 2.65 -1.64 -0.13 2.30*** 

Log food consumption at home^2 -0.05 0.09* 0.74 -0.04** - -0.08*** -0.09 -0.35 0.18 -0.02 -0.32*** 

Log food consumption at home^3 0.01* -0.00 -0.06 0.01*** - 0.01*** 0.01 0.02 -0.00 0.01*** 0.02*** 

Log food consumption away 0.09*** 0.05 - - - 0.12*** - 0.06** 0.07** 0.12*** 0.09*** 

Log food consumption away^2 -0.03*** -0.2* - - - -0.04*** - -0.02*** -0.02** -0.04*** -0.03*** 

Log food consumption away^3 0.00*** 0.00*** - - - 0.00*** - 0.00*** 0.00*** 0.00*** 0.00*** 

Log utilities - - - - - 0.19*** - - - - - 

Log utilities^2 - - - - - -0.05*** - - - - - 

Log utilities^3 - - - - - 0.00*** - - - - - 

Log rent -0.38* -0.02 -33.86*** 0.10*** -1.91* 0.12*** 4.17 -0.16 0.08 -0.09 0.02 

Log rent^2 0.07 -0.00 6.45*** -0.03*** 0.41* -0.03*** -0.66 0.01 -0.02* 0.01 -0.01 

Log rent^3 -0.00 0.00 -0.54*** 0.00*** -0.02 0.00*** 0.04 0.00 3.26** 0.00 0.00* 

Age of RP            

30- -0.04* -0.04 Ref. 0.02 0.28*** 0.03*** 0.01 -0.01 - Ref. -0.00 

30-40 -0.03** 0.00 -0.01 0.00 0.25*** 0.01 0.01 -0.01 - 0.00 -0.01 

40-50 Ref. Ref. -0.05 Ref. Ref. Ref. Ref. Ref. - -0.02 Ref. 

50-60 0.01 -0.04 -0.04 0.01 0.04 0.01 0.00 0.03 - -0.03 -0.03** 

60-70 0.02 -0.07** -0.01 0.01 0.10 0.02 -0.04*** 0.06* - -0.05 -0.01 

70+ -0.02 -0.17*** 0.07* -0.08*** -0.15* -0.03* -0.13*** -0.04 - -0.11*** -0.09*** 

Head male -0.05*** - -0.07*** -0.05*** 0.02 -0.10* -0.02*** -0.03** -0.01 -0.03** - 
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Sources: HBS data. Computations by Bundesbank for DE, Banco de Portugal for PT, author's computations for the other countries. 

 

Size of household            

1 person -0.07*** -0.13*** Ref. -0.09*** -0.29*** -0.06*** -0.13*** -0.08*** -0.07*** Ref. -0.07*** 

2 persons Ref. Ref. 0.04*** Ref. Ref. Ref. Ref. Ref. Ref. 0.10*** Ref. 

3+ persons 0.05*** 0.05** 0.05*** 0.02 -0.11 0.02 0.06*** -0.08*** 0.05** 0.13*** 0.05*** 

Tenure status            

Owner 0.07* -0.02 Ref. 0.05* 0.41*** -0.13*** 9.45 -0.07 0.01 -0.07** 0.10*** 

Tenant Ref. Ref. 65.15*** Ref. Ref. Ref. Ref. Ref. Ref. Ref. Ref. 

Free use - - -0.15*** 0.02 0.49*** - 9.37 - - -0.06*** -0.03 

# of children            

No child Ref. Ref. Ref. Ref. Ref. Ref. Ref. Ref. - Ref. Ref. 

1 child 0.00 0.06** 0.01** 0.04*** 0.28 0.02 -0.01 0.00 - 0.03 -0.01 

2 children 0.01 0.08*** 0.02*** 0.09*** -0.11 0.01 -0.04** 0.02 - 0.03 -0.02 

3+ children 0.01 0.10*** 0.02** 0.12*** 0.40 -0.00 -0.04* 0.05 - 0.05 -0.05** 

Level of education            

0+1 -0.08*** -0.10*** Ref. -0.13*** - -0.10*** -0.17*** -0.10*** - - -0.10*** 

2 -0.05*** -0.01 - -0.06*** 0.10*** -0.04*** -0.08*** -0.01 - - -0.05*** 

3 Ref. Ref. 0.03*** Ref. Ref. Ref. Ref. Ref. - - Ref. 

5+6 0.05 0.02 0.07*** 0.07*** 0.11* 0.04*** 0.10*** 0.04** - - 0.05*** 

Labour status            

Employed Ref. Ref. - Ref. Ref. Ref. Ref. Ref. Ref. Ref. Ref. 

Unemployed -0.01 -0.06** - -0.05*** -0.35*** -0.02* -0.11*** -0.05* -0.08*** -0.02 -0.04*** 

Retiree 0.00 -0.00 - -0.02 -0.18** 0.01 -0.03** 0.01 -0.13*** -0.01 -0.01 

Income quintile            

1 Ref. Ref. Ref. Ref. Ref. Ref. Ref. Ref. Ref. Ref. Ref. 

2 -5.13 1.66 0.13*** 1.61*** 0.68*** 0.09** -0.69 8.00 13.56 0.17* 13.90 

3 -0.19 -0.45 0.23*** 11.71*** 0.97*** 0.24*** -5.28 6.23 -2.55 0.09 2.47 

4 -0.39* 11.85*** 0.33*** 0.29 1.13*** 0.41*** 1.88 -1.95 -0.76 0.32*** 29.68 

5 0.32* -2.14 0.49*** 2.33*** 1.21*** 0.58*** 0.37 10.65 60.00*** 0.76*** 9.96 
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