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Abstract

Indirect taxes such as value-added tax (VAT) and environmental levies play a growing
role in fiscal and distributional policy in Switzerland, yet existing microsimulation tools
lack the consumption information required to analyse their incidence. This paper closes
this gap by extending SWISSMOD - the Swiss tax-benefit microsimulation model -
through the imputation of detailed household expenditure from the Swiss Household
Budget Survey (HBS) into Swiss SILC data. Building on the two-step econometric
approach of Akoguz et al. (2020), we estimate participation and conditional spending
using probit and OLS models, followed by Mahalanobis distance matching to transfer
observed expenditure structures at the most disaggregated level. We demonstrate how
this methodology can be adapted and validated for a non-EU context characterised by
distinctive survey design and consumption classifications. Validation using
distributional tests, macro-level benchmarks, and income-ventile comparisons shows
that the imputed data reliably reproduces key expenditure patterns, particularly for
regularly consumed categories. The resulting enriched dataset enables comprehensive
simulation of indirect tax reforms within SWISSMOD, providing a robust empirical
foundation for evaluating VAT and environmental tax policies in Switzerland.
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1. Introduction

Indirect taxes, particularly value-added tax (VAT) and environmental levies, consti-
tute a central pillar of Switzerland’s fiscal framework. These taxes generate substantial
revenue and shape household consumption behaviour, yet they may also impose dispro-
portionate burdens on lower-income households if not carefully designed. As a result,
policymakers increasingly rely on microsimulation models to assess the distributional
and welfare implications of indirect tax reforms across income groups, household types,
and regions.

SWISSMOD, a static microsimulation model of the Swiss tax-and-transfer sys-
tem (TTS) built on the EUROMOD platform, currently offers detailed simulations
of direct taxes and transfers, capturing Switzerland’s pronounced subnational het-
erogeneity, including cantonal variation in income taxation, wealth taxation, joint
taxation rules, and social assistance (Kirn, Oschwald, & Anderl 2025). However, like
other EUROMOD-based models relying on Swiss EU-SILC data, SWISSMOD lacks
household-level consumption information. This represents a crucial limitation: VAT
alone is expected to contribute more than 31% of federal revenue in 2026 (FFA 2025),
and without reliable expenditure data, the model cannot simulate indirect taxes or
evaluate environmental tax instruments. Addressing this gap is therefore essential for
providing a comprehensive evidence base for fiscal policy analysis in Switzerland.

To overcome this limitation, we impute detailed consumption expenditure from the
Swiss Household Budget Survey (HBS) into Swiss EU-SILC. Our approach follows
the two-step econometric framework of Akoguz et al. (2020), which models participa-
tion and conditional expenditure through probit and OLS regressions and then uses
Mahalanobis distance matching to assign observed expenditure values from HBS to
structurally similar households in SILC. Although subsequent refinements have been
proposed by Dreoni, Serruys, Manso, Tud6-Ramirez, and Amores (2025), we deliber-
ately adopt the original method to ensure methodological comparability with previous
EUROMOD research and to establish a transparent, reproducible baseline for future
extensions.

This paper makes three main contributions to the microsimulation literature. First,



we extend SWISSMOD by imputing detailed household consumption expenditure into
Swiss SILC, thereby enabling full distributional analysis of indirect taxes in a non-EU
setting. This addresses a major limitation of existing Swiss microsimulation mod-
els, which currently capture income and wealth taxation, but cannot model VAT or
environmental levies. Second, we adapt the widely used two-step imputation frame-
work of Akoguz et al. (2020) to the specific institutional and statistical environment
of Switzerland, characterised by distinct survey structures, COICOP-based classifica-
tions, and strong subnational heterogeneity. In doing so, we document the harmon-
isation, estimation, and matching steps required for a transparent and reproducible
application beyond EU countries. Third, we provide a comprehensive validation of
the imputed consumption data using distributional comparisons, pseudo-R? metrics,
Kolmogorov—Smirnov tests, and macro-level consistency checks. This extensive evalu-
ation demonstrates that the method preserves key expenditure patterns and offers a
reliable empirical basis for analysing indirect tax reforms, including VAT and carbon
levy simulations.

Our results confirm that the approach is feasible and yields robust imputation out-
comes for Switzerland. Expenditure categories with regular and frequent consumption
- such as housing, utilities, and food - exhibit particularly strong consistency between
observed and imputed values, while deviations are more pronounced for infrequent
or durable expenditures. Overall, the findings establish a solid micro-data foundation
for conducting indirect tax microsimulations in SWISSMOD and open avenues for fu-
ture analyses of environmental taxation, VAT reforms, and distributional effects across
Swiss households.

The remainder of the paper is structured as follows. Section 2 reviews the relevant
literature. Section 3 describes the data environment and the harmonisation process.
Section 4 outlines the imputation methodology. Section 5 presents the validation and

results. Section 6 concludes.



2. Literature Review

The integration of consumption data into income-based microsimulation models has
been a longstanding challenge in the field of tax-benefit analysis. Microsimulation mod-
els such as EUROMOD traditionally rely on EU-SILC data, which provides detailed
socio-economic information but lacks household-level expenditure data. This limita-
tion restricts the ability to simulate indirect taxes, which are increasingly relevant for
fiscal and environmental policy.

Early approaches to bridging this gap focused on statistical matching techniques,
which combine information from separate datasets based on shared characteristics. Ser-
afino and Tonkin (2017) provide a comprehensive overview of these methods within the
European context, emphasizing the importance of harmonization and variable com-
parability. Building on this foundation, Akoguz et al. (2020) introduced a two-step
econometric approach for imputing consumption expenditures into EU-SILC. Their
methodology combines probit models to estimate the probabilitie of participation in
consumption categories with OLS regressions determining the expenditure level, fol-
lowed by Mahalanobis distance matching to transfer observed values on the most
detailed level. This approach has been widely adopted in EUROMOD applications
and validated across 18 EU countries. Subsequent research has refined these tech-
niques. For example, Dreoni et al. (2025) propose enhancements to improve predictive
accuracy and address issues related to infrequent expenditures and zero values.

Despite these advances, applications outside the EU remain scarce. Differences in
survey design, household structures, and expenditure classifications pose challenges for
transferring EU-based methodologies to non-EU contexts. Switzerland, with its strong
subnational fiscal autonomy and Classification of Individual Consumption According
to Purpose (COICOP) based expenditure data, offers a unique case for testing the
adaptability of these methods. There is evidence that the aggregation of consumption
categories in the SWISS HBS deviates from the standard structure when compared to
other countries in EUROMOD, even though the Swiss HBS itself is based on COICOP
classifications. It should also be noted that the COICOP classifications and house-

hold structures are largely, though not completely, harmonized among EU members



(Eurostat 2025a). Previous work on SWISSMOD (Kirn et al. 2025) has successfully
integrated wealth and regional information but has not addressed the imputation of
consumption data, leaving a critical gap for indirect tax simulation. Notably, sim-
ilar statistical matching exercises have been conducted to enrich EU-SILC with net
wealth information; for example, Donatiello, Toso, and Baldini (2025) combined Italy’s
SILC, Household Budget Survey, and Survey on Household Income and Wealth using
distance-based matching to estimate the joint distribution of income, consumption,
and wealth.

This paper contributes to the literature by adapting and validating the EUROMOD-
based imputation methodology for Switzerland, assessing its feasibility and robustness,

and providing a foundation for future extensions to other non-EU countries.

3. Data

The 2020 Swiss SILC dataset, compiled by the Federal Statistical Office (FSO), serves
as the foundation for the initial version of SWISSMOD. Since EUROMOD relies on
EU-SILC data, the Swiss SILC is the logical choice, ensuring consistency and interna-
tional comparability - especially with regard to indicators like the at-risk-of-poverty
threshold (European Commission 2025). The dataset is collected following Eurostat
standards in both methodology and variable definitions. It also contains detailed infor-
mation on socio-demographic factors as well as individual histories, for example with
regard to the duration of employment (Kirn et al. 2025). What is missing is informa-
tion on consumption expenditures of the households surveyed. Therefore, we use the
information from the Household Budget Survey as the source for the data imputation.
The HBS dataset, acquired for this project, includes four waves of data, each covering
a three-year period. In addition to sufficient data in income and household structure,
this dataset compiled by the Federal Statistical Office (FSO) contains information on
household expenditures on a highly detailed level and is therefore a valuable source
for the imputation of consumption data. The structure of the expenditure data is
explained in Subsection 3.2.

Since the household samples for HBS and SILC surveys do not overlap, combining



the datasets using common household identifiers is impossible. Without a common
identifier, an econometrical matching process is required to combine the datasets.

Building on the existing literature, we condunct a statistical matching technique to
impute the expenditure shares from the latest survey wave of HBS (2015-2017) into the
SILC data collected in 2020 for Switzerland. The decision was made to use the most
recent survey wave available. Older surveys are not taken into account, as only the most
recent consumption patterns are to be estimated to the SILC data. Since, for example,
a carbon tax has been in place in Switzerland since 2008 and has been gradually
increased, corresponding adjustments in consumption are to be expected, which we
would like to use to their full effect in the simulation (FOE 2024). The use of older
survey waves could distort current consumption decisions. The remaining available
data waves could be used in future to analyze changes in consumption patterns over
time. Furthermore, a single survey wave already provides a sufficiently large sample
of households, which is why enlargement is not necessary.

As part of the HBS, consumer spending was recorded for a period of one-month for
each household surveyed. Over a three-year cycle, different household samples (around
277) were collected in successive months. Since the income data in the SILC set of
2020 refers to the previous year, it corresponds to the status of 2019. Due to the data
originating from different years, an adjustment had to be made for inflation rates. The
used uprating factor is calculated using the development of the harmonised index of
consumer prices (HICP) with the Baseline of 100 in 2015. Since we do not know the
precise date in the corresponding period on which a household was surveyed in the
HBS data set, the 2015 baseline of 100 is used. Thereby household income as well as the
expenditures in absolute terms in HBS are adjusted by a factor of 1.0141 in order to
meet the average level in 2019 of 101,41 for all households included in the data set. We
therefore assumed that all households were surveyed at the beginning of the survey
period. While it could have been conceivable to treat all households as if they had
been surveyed in mid-2016, this approach was not adopted because during this period
the HCPI trend was frequently negative with an average index-value smaller than
100 (approximately 99,86) (FSO 2025a). Applying this index would therefore imply

a nominal decrease in wages and therefore household income. However, such short-



term deflationary episodes are not typically associated with immediate reductions in
nominal wages due to wages being rigid. For this reason, the mid-2016 index was not

used as an starting point for uprating.

3.1. Data preparation

The data preparation starts with identifying matching variables to concatenate. In the
first step, we identified potential matching variables. These are variables that are part
of both surveys and help to identify households that resemble each other, in other
words the specific household characteristics. However, not all overlapping variables
should be included as matching variables - only those that are relevant to the target
variable and exhibit the possibility of similar distributions across the surveys (Serafino
& Tonkin 2017). Given the differences in variable names, units, and the scope and de-
tail of available information of the SILC and HBS dataset, an initial harmonization
process is necessary before the imputation - meaning that the explanatory variables
should be present in both data sets and have the same structure. This process fol-
lowed the methodology outlined by Akoguz et al. (2020). The procedure for the data
adjustment is as follows: All relevant variables that occur together in both data sets
must be identified. It was decided to use 16 variables. The selection of explanatory
variables was based on the comparability of their characteristics across both datasets
and thus whether the overall structure of the data sets is comparable. Furthermore,
the explanatory variables are chosen so that they are as comparable as possible with
the 16 explanatory variables in the approach of Akoguz et al. (2020) since we want to
stay as close as possible to this original method in order to show that this approach
has worked well. The explanatory variables are listed in Table 1 below. This shows
the labels for the selected variables in HBS and SILC, a brief explanation of how the

variable was adjusted, and the distinction between categorical and continuous.



Table 1.

Overview of ex

planatory variables

Explanatory SILC HBS Variable Transformation New Variable Type
Variable (Original)
Disposable Income HY020 VerfuegbaresEinkommen08 The variable was extrapolated to the hy020-2 Continuous
annual value. The HBS value was
adjusted for inflation to account for
the time difference.
Civil Status PB190 Zivilstand03 Distinction in single / never married, pb190_2 Categorical
married, widowed, divorced /
separated. Applies to whole
household; only reference person is
used.
Gender PB150 Geschlecht98 Counts number of male members (age | n_gender_male Continuous
>= 14) and assigns it to the reference
person.
Region DB040 Grossregion01 Distinguishes between seven main db040-2 Categorical
regions of Switzerland:
Lake Geneva
Espace Mittelland
Northwestern Switzerland
Zurich
Eastern Switzerland
Central Switzerland
Ticino
Employed Status PL0O31 Erwerbsstatus05 Counts number of household members | n_employed Continuous
by employment status and assigns to n_self_employed
reference person. Persons in education | n-in_education
are only counted if they are over 14 n_pension
years of age. n_unemployed_other
Housing Situation HXO070 Mieterhaushalt05 Applies to whole household; only hx070_2 Categorical
reference person is used for
comparison.
Age Groups RX010 Lebensalter98 Counts household members by age n_age 0_14 Continuous
group and assigns to reference person. | n.age_15_29
n_age_30_-44
n_age_45_59
n_age_60_upwards
Citizenship NATIO_CL2 NationalitaetO1 Counts household members without n_nationality_other Continuous

Swiss citizenship and assigns to
reference person.




Unfortunately, not all variables that could possibly be decisive for consumption
decisions could be used for the imputation, as in some cases the information was only
available in one of the data sets. Therefore, unlike in the original approach, we have
some information missing in our datasets. This concerns the status of the number of
disabled household members, the status of a household as a farmer and information
about the educational level.

To enhance the predictive accuracy of the regression-based imputation, we extended
the original set of explanatory variables proposed by Akoguz et al. (2020). In particular,
we included the civil status, the housing situation (tenant/owner), and the number
of self-employed household members as additional independent variables. Since the
consumption expenditures are only recorded at the household level and cannot be al-
located to individuals, all explanatory variables must be aggregated on the household
level as well, therefore individual-level information must also be transformed to the
household level - which in this case implies that all the information is assigned to the
corresponding reference person. Further, some explanatory variables cannot be allo-
cated at the individual level anyway, as in HBS, for instance, the total sum of incomes
is calculated for certain types of income in multi-person households and allocated to
all household members. Therefore, it is not possible to differentiate between the adults
in terms of their contribution share to the household income if both belong to the same
employment status.

In a second step, we therefore harmonized the selected variables by converting in-
formation from the individual level to the household level in both datasets. In doing
so, we proceed as proposed by Akoguz et al. (2020). As the definition of ‘household’ in
both datasets is based on EUROSTAT’s household concept - the structure and defin-
tion of the household head - no unit harmonization is needed. Nevertheless we must
convert individual characteristics into household characteristics. If, for example, a per-
son has a certain individual characteristic like the employment status, the household
they belong to is characterized by that characteristic of this certain person. Therefore,
the number of people in the household belonging to a specific group was recorded (e.g.,

the number of household members that are of age between 30 and 44).



3.2. HBS expenditure data

The Swiss Household Budget Survey (HBS) provides detailed information on consumer
spending by private households. It is carried out by the Federal Statistical Office
(FSO) and serves as a central data source for analyzing the cost of living, consumer
behavior and the social and economic situation of households. The survey contains
a total of 9,955 households with 22,315 individuals. As mentioned earlier, the four
waves of the HBS provide expenditure data on the household-level. Each wave covers
a three-year reference period, with expenditures being recorded at the specific month of
observation. The available waves span the periods 2006-2008, 2009-2011, 2012-2014,
and 2015-2017. This would allow for a later analysis of trends and changes in Swiss
consumer behaviour.

Regarding the recording of the expenditures, a distinction is made between goods
and services with regard to the exact recording period. For most items, only expendi-
tures for the observed period (one month) was meant to be documented. For others,
however, a longer period is considered. For instance, goods and services for which more
than 300 Swiss francs were paid per unit, are observed over five month period. A unit
can be either a single item or a group of items. The purchase of a new vehicle is even
recorded over a period of 12 months.

These expenditures are then recorded for the respective month and later reported
as a monthly average in the HBS. This value is therefore not attributed to the month
as if this expenditure were incurred every month in this absolute amount. Instead,
the monthly average value calculated from the total annual expenditure is reported.
This information is important later on in order to better understand the role of the
infrequent expenditure problem. This information can be found in the FSO survey
documents, which are available on request.

Initially, it is sufficient to use only one data set as the basis for the imputation
of consumption data. For the purpose of this analysis, so far only the most recent
wave (2015-2017) is used, as a closer temporal proximity between the donor (HBS)
and recipient (SILC) datasets increases the plausibility of the imputed consumption
estimates. Furthermore the latest HBS date set ensures the most recent trends in con-

sumption patterns, which are highly relevant with regard to the final goal of simulating
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the swiss carbon tax. Household consumption expenditures are organized following
the COICOP classification, which distinguishes 12 main categories (e.g. housing, food
and non-alcoholic beverages, and transportation). In addition, the dataset contains
further superordinate expenditure categories that are not considered part of the con-
sumer spending category, such as compulsory transfers or supplementary insurance
contributions.

Each main category is further divided into more detailed subcategories across four
hierarchical levels of aggregation (in accordance with the classification of individual
consumption by purpose). At the highest level under the main category (level 2),
expenditures are aggregated into broad groups, while at the most detailed level (level
5), they correspond to specific goods or services. For example, within the ”Food and
non-alcoholic beverages” category, level 2 might include all food-related spending, level
3 could distinguish between food and drinks, level 4 between describes types of food

(e.g. Bread and Cereal Products), and level 5 could refer to specific items like ’rice’.

4. Imputation Methodology: Two-Step Econometric Approach and
Mahalanobis Matching

This section outlines the imputation procedure used to transfer detailed consumption
information from HBS to EU-SILC. Following Akoguz et al. (2020), we first estimate
a probit model based on the selected independent variables which gives us an estimate
of the probability that a household will have positive expenditure in a given category.
Then a standard continuous regression equation models the amount of the dependent
variable (expenditure) as a function of household characteristics and actual — not
estimated — positive expenditure, accordingly, households with zero consumption are
not included in this regression. Using this methodology, consumption expenditure for
households in the HBS is first estimated, and then consumption expenditure for SILC
households is estimated on the basis of the coefficients of the explanatory variables
generated in the process. To ensure that only variables with an “appropriate” fit
accuracy are included in the Malahanobis distance function, a pseudo-R? value is

calculated, which serves as a measure of how well the model (which includes both the
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probit and OLS estimates) can explain the actual observed output behavior, i.e., how
much of the variance in the dependent variable is covered by the model.

The Mahalanobis distance function is then applied to identify households in the
source and recipient datasets whose consumption behaviour should match. Between
these households, the observed expenditure values of the source household are then
assigned as imputed values at the most detailed level as expenditures of the recipient
household for the corresponding goods. Since this approach uses actual observed values
instead of estimated values, it enables effective imputation of values at the finest
available level of aggregation and preserves real consumption behaviour.

Figure 1 illustrates the overall imputation process, starting from data harmonization
and progressing through the two-step econometric estimation (probit and OLS), com-
bination of predicted expenditure shares, Mahalanobis distance matching, and finally

the transfer of observed HBS expenditures to EU-SILC households.

Transfer Observed Expenditures from HBS to EU-SILC

Figure 1. Overview of the imputation process: (1) Data Harmonization, (2) Probit Model for Participation,
(3) OLS Model for Conditional Spending, (4) Combine Predictions into Expenditure Shares, (5) Mahalanobis
Distance Matching, (6) Transfer Observed Expenditures from HBS to EU-SILC.

Source: Authors’ own illustration.

The individual steps of this procedure are described in detail below.
In the initial step, the expenditure share wyp; of household h’s on a good i in the
HBS dataset (indexed by s) is computed. This share is calculated as the ratio of the

expenditure eg; on the good i to the disposable income ygp:

ot
Wepi = 2 i e N (1)
Ysh

where N represents the set of indices for goods at the most detailed level.
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In the second step, we summarize the income shares of specific expenditures into
broad superordinate categories. According to Akoguz et al. (2020), these categories
should be large enough to mitigate the problem of rare expenditures, i.e., expendi-
tures that are reported as zero values only because they were not incurred in the
corresponding observation month. Nevertheless, they should remain small enough so

that the selected household characteristics can adequately explain the differences in

expenditures.
The consumption categories are labelled by A, B,.... Accordingly, each index
A, B, ... represents a non-empty, mutually exclusive subset of A, with A encom-

passing all individual goods.
The income share of category X for X = A, B, ..., denoted as Wy, x, is the obtained

as the sum of the expenditure shares of the goods contained in that category:

Wsnx = Z Wshi (2)
iENX

The appendix contains a summary table of all selected expenditure categories. The
individual categories are aggregated directly to form the corresponding expenditure
category used in the subsequent regression analysis. Since the structure of the data
sets does not match exactly, the composition of the various aggregation levels had to
be adjusted individually. In addition, the categories have been expanded to include
expenditures related to secondary homes.

In Akoguz et al. (2020), some issues with the data are mentioned, which led to
individual adjustments to the expenditure values for the consumer goods categories.
These problems are particularly evident in discrepancies between data at different
levels of aggregation, meaning that in some cases the totals for higher-level categories
exceed or fall short of the sum of their subcategories. However, our own review of the
available Swiss HBS data did not reveal any such problems. Therefore, in our case,
no adjustments had to be made with regard to expenditure. But beside that some of
the broad expenditure categories may still contain a significant number of observations
with zero expenditures. This is for instance the case for the expenditure category "new

cars” which is a sub-category of ”vehicles”. Here only a small fraction of Households
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(4.26 %) has positive values.

For this reason, the next step is to apply a probit model to identify these zero values
in the corresponding households as “true zeros,” i.e., if they are not considered to be
the result of infrequent expenditures. This is an assumption made by the authors in
order not to complicate the procedure. However, since the actual values are transferred
at the end of the approach, all zero values are ultimately transferred again. If we were
to assume that many of them are due to the problem of infrequent expenditures, they
would have to be replaced by positive values, which in turn would have required the
creation of a synthetic data set, which is not desirable for various reasons.

Furthermore, the assumption of true zero values is justified for at least some goods
due to the survey methods used by the FSO. As described in section 2.3, the observa-
tion period is extended for larger purchases, which is why these irregular expenditures
are partially covered. Nevertheless, some categorical zero values remain questionable.
The category “clothing and shoes” is only recorded on a monthly basis and accounts
for 20% of households with zero expenditure. However, given that clothing is a basic
necessity, it is not plausible that 20% of households never have consumer expenditure
on clothing. This must nevertheless be accepted within this methodology.

The likelihood that a household exhibits positive expenditures to the aggregate
category of commodities X (X = A, B,...) is modeled by using a probit model. This
model uses the common variables from the source and recipient data sets as predictors.

The formal specification is:

Pr(Wepx > 0) =1 — ®(—vxzan) = P(vxxsn) (3)

Here, ® refers to the cumulative distribution function of the standard normal distri-
bution, x4, is the vector of explanatory variables associated with household h in the
source dataset s, and ~yx represents the parameter vector to be estimated.
Subsequently, a standard continuous regression model is employed to estimate the
relationship between the income shares of the selected expenditure categories and the

explanatory variables, but this is only applied to those households that exhibit actually
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positive expenditures in the respective categories.

Wenx = BxTsh + €nx, for Wyx >0 (4)

Since the focus of the analysis is restricted to correlational relationships, no correction
for sample selection is applied. The model is estimated using the source dataset, with
the estimated coefficients represented by hats: 4x for the probit models and BX for
the linear regression models.

In the fourth step, the estimated coefficients are utilized to predict the fitted values
for the income shares of expenditures on the broad categories A, B, ..., for all house-
holds in both the source and the recipient datasets, which are indexed by s and r,

respectively. The fitted values are denoted by Wanx and defined as follows:

WdhX = @(&%xdh)@(xdh for d= s, T (5)

The first factor on the right-hand side (RHS) represents the estimated probability,
as derived from the probit model that household A has positive expenditure on the
aggregate category X. The second term represents the estimated income share of the
ordinary continuous regression model, which reflects the proportion of income thate
household h allocates to category X, conditional on this share being positive.

This two-part approach using the probit model and ordinary least squares regres-
sion, followed by a multiplicative link, is significant for the following reasons. Since
many observations in the data set correspond to the value zero, OLS regression alone
is problematic. If the assumption that the zero values correspond to zero consumption
is valid, this leads to the conclusion that there is a two-stage process with two differ-
ent economic decision stages. (i) The participation decision, i.e., whether a household
consumes at all, and (ii) the level of consumption, i.e., how much is spent under the
condition of participation. OLS alone can lead to biased coefficient estimates because
this approach cannot distinguish between these two stages.

Since OLS assumes a single linear, continuous relationship between the dependent

variable and the explanatory variables across all observations, the approach attempts
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to estimate a single linear relationship that minimizes the average squared deviation
across all observations. In the case of numerous expenditures with zero values, this
pulls the estimated correlation down. At the same time, positive expenditures are
attributed to households that actually consumed nothing, while the expenditure value
for households that actually consume is underestimated.

It should be noted that the effect generated by zero values within a sole OLS ap-
proach does not necessarily worsen the process of estimating the linear relationship.
As long as the same linear assumptions apply consistently to both donor and recipient
household data, OLS alone can preserve the true relationship. However, the OLS stage
only captures average consumption levels regarding the precise expenditure values con-
ditional on the independent variables and unable to differentiate between genuine non-
participation and low positive values. The probit stage therefore offers considerable
added value by explicitly modeling the participation decision, i.e., whether a household
consumes at all, thus capturing the heterogeneity of the reasons for zeros that cannot
be distinguished with OLS alone. By separating participation and intensity decisions,
the two-part model preserves the distinction between consuming and non-consuming
households, ensures greater variability in predicted participation, and prevents the
misallocation of positive consumption to households that would not actually consume.
Therefore, this approach provides a more realistic representation of consumption pat-
terns at the household level and mitigates potential systematic downward bias in the
estimation.

To solve this problem, a two-stage modeling approach can be used. First, a binary
selection model (e.g., Probit) estimates the probability that a household will have
consumption expenditure greater than zero, i.e., make a positive consumption decision.
Then, for households with positive consumption in the actual data set, the amount
spent is modeled using OLS. In the final step, the OLS results are “weighted” using
the estimated probabilities of positive consumption. This approach takes into account
the actual zero values and at the same time enables an accurate estimation of the
nonlinear relationships between household characteristics and consumption levels.

To assess the explanatory performance of the estimated two-step model with respect

16



to observed household expenditure, we calculate a pseudo-R?:

-1 Zh(WshX - I/T/vshX)Q
- 1 2
Zh(WshX - WsX)

pseudo — R*(X) (6)

Here Wyx = > - Wesnx/Hs, with H, represents the number of households in the
source dataset. All summations are taken over the full set of households. Consequently,
the pseudo—R? of the fitted expenditures serves as a measure of how well the inde-
pendent variables can explain the variation in the specific expenditure categories and
therefore the quality of representation regarding the observed expenditures in HBS (en-
compassing both the probit and OLS model). Then a distance function was builded
based on the adjusted values. This ensures that no estimated variables with low ex-
planatory power are included in the distance function. Therefore, only the adjusted
values of categories with a pseudo-R? value of 0.1 are retained. This means that only
these categories are included in the subsequent matching process. This procedure is
intended to prevent households from being compared on the basis of actual behavior
that cannot be adequately explained. This results in less variance in consumption pat-
terns being taken into account, as the variables with higher explanatory power lose
influence due to the equal weighting of all variables included - this could lead to more
inappropriate matches. In addition, lower thresholds were also tested in order to in-
clude more categories, but this led to generally poorer results, which is why we adhere
to the specifications from Akoguz et al. (2020) and Dreoni et al. (2025).

In the next formal step, as described, the adjusted expenditure shares above the
0.1 threshold are used as input variables for the Mahalanobis distance function. In
order to match each household in the recipient dataset with a household in the source
dataset, the household in the source dataset that has the smallest distance to a specific
household in the recipient dataset is identified as the donor household (Mahalanobis
2018). The household A in the source dataset is then paired with the closest household g
in the recipient dataset. However, this does not mean that exactly one donor household
is always assigned to one recipient household. This is obviously not possible due to
the different number of households. Instead, the most suitable HBS households are

assigned to the SILC households, whereby an HBS household can also act as a multiple
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donor.

Let Wy, = (Wdh A Wang, - . .) denote the vector of the chosen estimated expenditure
shares used as input for the distance calculation, where (d = s,r) refers to the source
(s) and recipient (r) datasets, respectively. The definition of distance between a donor
household h and the recipient household g within the Mahalanobis methodology is as

follows:

dist(h, ) = d(Wrgs Wa) = \/ (Weg — W)/ 51 (Wry — W), (7)

Y denotes the variance—covariance matrix of the share vector W, computed using
observations from both the source and recipient datasets.

The observed expenditure values are then transferred to the source budget at the
lowest level of goods aggregation. In theory, a matching procedure could also have been
applied directly without taking the detour via the consumption expenditure estimate
using the regression approach. However, this is helpful in revealing information about
the relationship between household characteristics (the explanatory variables) and ex-
penditures (the dependent variables) within the data set, which would be overlooked if
only the hot deck matching (HDM) method were used. Direct matching without prior
two-stage regression would be possible in principle, but would be based exclusively on
observable household characteristics. Such an approach would neglect systematic cor-
relations between these characteristics and specific consumption patterns. Therefore,
the first step is to explicitly model the relationship between household characteristics
and consumption behavior. In this way, household characteristics are already taken
into account in the estimated values, and at the same time, the matching is addition-
ally expanded to include information on how specific combinations of characteristics
lead to different consumption decisions. Purely distance-based matching, on the other
hand, is not able to give greater weight in the distance function to those household
characteristics that are more important for consumption patterns.

The limitations of the approach mentioned in Akoguz et al. (2020) refer to the
exclusion of households with an income of less than zero to an income of 100 euros

in the data set. In our case, the number of households with a disposable income of
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less than or equal to zero accounts for 0.8% in the HBS and 0.1% in the SILC. These
households were excluded from the estimation process because the use of the logarithm
for the explanatory variable “disposable income” does not allow for negative incomes
- beside that, no meaningful income shares can be determined. In our application,
however, no households with a low income between zero and 100 had to be excluded,

as there are no such households in either dataset.

5. Results of the Imputation Approach

This chapter analyzes the validity and robustness of the final results obtained. First,
descriptive statistics are used to provide an overview of the comparability of the two
data sets and to indicate any structural differences. This is followed by an overall
assessment of the imputation process. In particular, it examines and demonstrates
whether the imputed values are economically plausible and whether the consumption
patterns observed within the HBS could be retained during imputation and are thus
reflected in the SILC data set. This is accompanied by a brief evaluation of whether
outliers can be explained by structural differences between the two data sources. In

addition, the results are compared with external reference data.

5.1. Descriptive Overview of HBS and SILC Data

It should be noted in advance that disposable household income was adjusted at
the household level using the OECD equivalence scale. According to this scale, the
first adult is assigned a weight of 1, each additional adult a weight of 0.5, and each
child a weight of 0.3. As already mentioned, the income data was also logarithmically
transformed before the regressions were conducted.

Table 2 below provides an overview of the most important statistical indicators. It
is clear that SILC households are characterized by a slightly higher average income.
The median income, on the other hand, is very close and differs by only a few hundred
Swiss francs. Household incomes in SILC also vary more widely. Furthermore, the
data sets are relatively similar in terms of demographic characteristics and age group

distribution. However, there is a slightly higher proportion of households with older
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people in SILC and a higher proportion of households with younger people in HBS,
which may be one reason for the differences in average income.

Table 2. Descriptive Statistics: Comparison of HBS and SILC Datasets- General Overview

Variables HBS SILC

Number of Households 9,788 8,141

Percentage of People by Age

0-14 years 17.79 % 15.39 %
15-29 years 1353 %  14.95 %
30-44 years 21.17 % 1915 %
45-59 years 2358 % 2247 %
60+ years 23.90 % 28.04 %
Total Persons 22,070 18,191
Average Persons per Household 2.25 2.23

Mean Equivalence-Weighted Income 56,661.16  58,511.09
Median Equivalence-Weighted Income 50,776.64 50,287.93

Standard Deviation 34,371.75  46,896.47
Variance 1.18e+09  2.20e+09
Skewness 7.9827 11.87385
Kurtosis 176.1186 289.479
Tenant Rate (%) 54.9 53.3

Source: HBS dataset (2015-2017) & EU-SILC dataset 2020

Table 3 shows the weighted disposable household incomes sorted by deciles. It shows
that, starting with the 7th decile, the SILC incomes are on average higher than those
of the HBS households, and that the gap is increasing. The gap is greatest in the last
decile, which explains the higher variance and standard deviation in SILC, since at

the same time the income amount in SILC is below the HBS value in the lowest decile.

Table 3. Descriptive Statistics: Household Income by Decile

Variable 1. 2. 3. 4. 5. 6.

HBS Mean 20,874 30,567 36,926 42,557 47,942 53,853
SILC Mean 18,930 29,378 35,643 41,333 47,184 53,616
HBS Median 21,775 30,678 37,021 42,628 47,880 53,924
SILC Median 19,931 29,536 35,644 41,374 47,213 53,524

Variable 7. 8. 9. 10. Total

HBS Mean 60,488 68,750 81,488 123,225 56,661
SILC Mean 61,251 70,538 84,735 142,553 58,511
HBS Median 60,416 68,483 80,879 107,864 50,777
SILC Median 61,130 70,332 84,126 118,184 50,288

Source: HBS dataset (2015-2017) & EU-SILC dataset 2020
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As shown in Figure 2 the graphic shows the comparison of the weighted household
incomes using a density function, clearly showing that the relative distribution within
the two variables is very similar, with only a slight deviation. The basic distribution

follows the same pattern.

Density
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Figure 2. Density Function Disposable Income
Source: HBS 2015-2017; EU-SILC 2020; authors’ illustration.

Finally, Table 4 shows once again the distribution of weighted average incomes, this
time sorted by major Swiss regions and supplemented by the number of households
having their main residence in the corresponding region. There is a general correlation
between average incomes, which rise or fall simultaneously depending on the region,
with the greatest deviation between the data in Central Switzerland. The number of
households surveyed, on the other hand, varies more significantly and differs markedly

between Central Switzerland and Ticino.

Table 4. Descriptive Statistics: Household Income by Region

Geneva Swiss Northwestern Zurich FEastern Central

Variable region  Plateau -CH region -CH -CH Ticino
HBS Mean 57,428 51,994 58,225 66,029 54,112 59,699 48,698
SILC Mean 56,018 53,072 59,679 67,760 56,779 65,102 47,281
HBS Median 50,340 48,269 53,842 57,693 50,108 52,289 43,917
SILC Median 49,226 47,268 50,523 58,025 48,587 55,618 41,999
N Households 1,558 2,116 1,137 1,650 1,243 1,019 1,065
N Households 1,504 1,893 1,116 1,458 1,084 748 338

Source: HBS dataset (2015-2017) & EU-SILC dataset 2020
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As can be seen from the descriptive statistics, the composition of households in both
data sources is largely similar. The average equivalence-weighted income, age distribu-
tion, and regional distribution of households suggest that the data sets are generally
suitable for imputation procedures. For reasons of transparency, these summary statis-
tics are presented here to provide an indication of why the imputation procedure may
not have been entirely accurate. However, the main positive results of the analysis are

presented below.

5.2. Data Cleaning and Pre-Processing Steps

The discrepancies between the number of households specified in Chapter 5.1. and
the 9,955 households initially mentioned within the HBS sample are due to further
measures taken to adjust the data basis. The number of households was ultimately
reduced to 9,788 observations, which were used for the two-stage estimation process.
This reduction is primarily due to households with a disposable income of zero or less,
which, as explained above, cannot be included in the estimation.

In addition, households with implausibly high expenditure shares for certain con-
sumption categories - defined as values exceeding a threshold of 1.5 - were excluded.
This criterion was applied to ensure that extreme or unrealistic expenditure figures
did not distort the estimation results. For example, a household in the HBS is charac-
terized by a rent-to-income ratio of 19, which means that its rental expenditure in the
month observed is nineteen times its disposable income - clearly an extremely implau-
sible expenditure value. The aim of the threshold is to set it at a level that allows for
the inclusion of households whose expenditure may exceed their monthly income due
to, for example, borrowing, asset sales, or other intertemporal mechanisms, while at
the same time filtering out obvious errors in reporting or documentation. As a result,
a total of 80 households were excluded due to negative income and a further 87 due
to implausible spending habits. The threshold of 1.5 was chosen because it improved
the overall R? values. Higher thresholds, on the other hand, noticeably worsened the
model estimate. At the same time, the majority of the sample remains intact due to
the selected threshold. The exclusion rate of 87 households due to spending anomalies

is comparatively low.
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It is important to note that particularly high expenditures observed during the
survey month are recorded as monthly values - therefore the total sum was converted
into monthly values. Consequently, these total amounts should not be interpreted as
representative monthly averages. Since those values are now - due to the conversion -
monthly values, they should be more likely to not exceed the budget constraint every
month. It should be noted that exceptionally high expenditures reported during the
survey month are recorded in the HBS as monthly values by converting the observed
totals into the monthly accordingly. This implies for our analysis that some unusually
large, one-off expenditures were retained rather than excluded, as their conversion
to a monthly equivalent should prevent a potential direct violation of the household
budget constraint. Substantial expenditures financed through loans (which are not
recorded explicitly as income in the datasets) are typically repaid in installments and
therefore do not permanently exceed household income, therefore sustainable financing
is guaranteed and there appears no exclusion by our approach. For clarity, within
the "housing and rental” category, 34 households were excluded based on the 1.5
threshold, while 355 households (3.59% of the original number of households with
positive income) fall within the range of 0.5 to 1.5. The vast majority of households
thus report expenditure shares below 50%. However, it is also possible that some
overlapping is present with other categories in which values above 1.5 also occur.

With regard to the SILC data set, it should be noted that this has been reduced

from 8.156 to 8.141 due to negative incomes.

5.3. Assessing Explanatory Power: Pseudo — R? Values

The results of the pseudo R? value calculation are presented and evaluated here in
the same way as conducted by Akoguz et al. (2020). Table 5 below shows the results
for each of the constructed consumption category after all data adjustments and the
two-stage regression approach had been carried out

Based on these R? values, the threshold value of 0.1 is used to decide which cate-
gories have sufficient explanatory power to approximately reflect the actual variation
in the specific expenditure category. Therefore, the threshold value serves as a limit for

the category whose variance explanation is considered insufficient. This approach is
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Table 5. Pseudo-R2 Values by Consumption Category

Variable Pseudo-R?2
Housing and rental 0.59
Food & non alcoholic beverages 0.39
Utilities 0.33
Communication 0.30
Health & Care 0.28
Insurance 0.18
Personal care 0.09
Culture & leisure 0.08
Private transport 0.07
Tobacco 0.07
Housing goods & services 0.06
Public transport 0.05
Other 0.05
Restaurants 0.04
Alcoholic beverages 0.04
Education 0.04
Clothing and personal items 0.03
Housing durables 0.03
Utilities secondary residence 0.01
Housing and rental secondary residence 0.01
Traveling and holidays -0.56
Vehicles -3.70

Source: Computed R?-values are based on the HBS dataset (2015-2017)

consistent with the approach in Dreoni et al. (2025) and Akoguz et al. (2020). Accord-
ing to the results, six categories were used for the further process of distance matching:
housing costs, food and non-alcoholic beverages, utilities, health and care, communi-
cation, and insurance. Expenditures in these specific categories alone accounts for
46.9% of total consumer spending. This exclusively comprises expenditure that occurs
regularly in fixed cycles and, on average, accounts for a large proportion of dispos-
able household income at just under half. The values were generated taking population
weights into account. It should be noted here that parts of the category-specific expen-
ditures were excluded from the calculation because they are not part of pure consumer
spending as defined in the HBS-Structure, but are, for example, part of mandatory
transfer expenditures. This applies to items A31, A33, A41, A42, and A80, which can
be found in Table 8 and Table 9 in the appendix. Otherwise, the comparison would
have to be made with total gross income, since ultimately all income is spent within
one of the categories and it could be misleading.

A direct comparison with the results regarding the R? — values from Akoguz et

al. (2020) or Dreoni et al. (2025) is not possible due to differences in the underlying
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data sets. Nevertheless, the overall pattern appears to be largely comparable in terms
of the number of categories identified as relevant, as well as the type of category.
Akoguz et al. (2020) estimated models for a total of 18 countries. This resulted in
four consumption categories achieving R? — values values greater than or equal to
0.1 in more than half of the cases. This indicates that these categories were selected
at least nine times, whereas two other categories could be selected eight times. On
average, there were 6.28 categories per country with R?> — values above 0.1. In the
study of the JRC, which again covered 22 countries, only three categories exceeded the
threshold in more than half of the cases. Against this background, the identification of
six relevant categories in our analysis suggests that our results are largely consistent
with the results of previous studies.

When comparing the categories that exhibit strong or weak predictive performance,
a clear pattern emerges. Food and non-alcoholic beverages, utilities, and communica-
tions also appear among the consistently relevant categories in both Akoguz et al.
(2020) and the Dreoni et al. (2025). Actual rentals for housing, by contrast, are pre-
dominantly selected only in the former. At the same time, there are overlaps between
the categories that perform poorly in our analysis and those with low values in the lit-
erature. In particular, spending on vehicles and travel /vacation has very low R? values.
This is most likely due to the extremely low number of positive spending observations
in these categories. As a result, the probit model was unable to estimate realistic prob-
abilities of participation in consumption and, in our case, assigned a probability of one
to almost all households. When these predicted participation values are combined with
the results of the OLS regression and the estimated coefficients are used as the basis
for explaining the real data variance, the resulting R? — values are correspondingly
low.

As mentioned in Section 3.1, additional explanatory variables were added. This is
because we had to omit three explanatory variables that were included in Akoguz
et al. (2020), while at the same time wanting to integrate additional variables in
order to achieve greater explanatory power within the estimated output categories. A
comparison shows that the R? —values increased when these additional variables were

included. These are listed in Table 6.
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Table 6. Comparison of R2-Values for Selected Consumption Categories

Category Pseudo-R* Pseudo-R? Difference
(with add. var.) (without add. var.)

Housing and Rental 0.5898 0.3716 + 0.2182
Food & non-alcoholic Beverages 0.3914 0.3880 + 0.0034
Utilities 0.3272 0.2688 + 0.0584
Communication 0.3010 0.2980 + 0.0030
Health & Care 0.2759 0.2642 + 0.0117
Insurance 0.1769 0.1104 + 0.0665

Source: Computed R?-values are based on the HBS dataset (2015-2017)

Higher R? —values values were observed for all categories that exceeded the thresh-
old of 0.1, as well as for all but one of the remaining categories. In particular, the
value for the “Housing and rental” category has increased. This is probably due to
the addition of the explanatory variables ‘Homeowner’ or “Tenant”. Nevertheless, the

total number of categories exceeding the threshold remained unchanged.

5.4. Donor Household Allocation in Mahalanobis Matching

This subsection discusses the results of the Mahalanobis distance matching. In the
course of this, a total of 4,355 households from the HBS dataset were identified as
donors for the 8,141 recipient households in the SILC dataset. This corresponds to
44.5% of all HBS households (9,788). On average, each selected HBS household serves
as a donor for approximately 1.87 SILC households. The distribution of usage frequen-
cies shows that the majority of donor households (58.32%) were assigned to exactly
one recipient household, while a smaller number of households acted as donors mul-
tiple times. The maximum donation frequency is 41 for a household. These statistics
show that the imputation is based on a large group of donor households, which should
ensure sufficient variance in the expenditure structures. With this number of imputed
households, it can be assumed that all SILC households receive imputed values based
on the closest possible match with an HBS household. At the same time, no SILC
household was left without assigned consumption values.

Figure 3 below shows the exact distribution of the frequency of usage of households

identified as donors.
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Figure 3. Distribution of donation frequency
Source: HBS 2015-2017; EU-SILC 2020; authors’ illustration.

5.5. Validation of Imputed Consumption Patterns

This subchapter examines the final results of the estimated consumption patterns in
the SILC data set obtained through the data imputation. To this end, graphs are
presented like in Akoguz et al. (2020) to compare the relationship between income
shares in specific consumption categories and disposable income. To this purpose, the
average income shares per income ventile are compared between the estimated results
in SILC and the actual observed values in HBS.!

As shown in Section 5.1, the two data sets are already largely consistent in terms of
socio-demographic characteristics. In addition, when dividing households into income
ventiles, the population weighting variables available in the data sets were applied in
advance to improve comparability, as in Akoguz et al. (2020). This leads initially to a
different number of surveyed households per ventile, which is why the average values
per ventile in terms of weighted disposable income and income shares for consumption
were generated using the population weights again after the division into ventiles

has been carried out. In this way, the most accurate mean values possible should be

LA ventile is a statistical grouping that divides a distribution into 20 equally sized groups. It is similar to a
decile (10 groups) or percentile (100 groups), but more granular than deciles and less granular than percentiles.
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calculated, as different weights apply to the households within a ventile - otherwise
the mean value would be distorted.
The following section presents the income-consumption relationship for total house-

hold expenditure and the results for two of the aggregate consumption categories.

1 11 12 13 14 15 16 17 1.8

Mean Share
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Figure 4. Comparison: average income shares of total expenditures between HBS and SILC per ventile
Source: HBS 2015-2017; EU-SILC 2020; authors’ illustration.

Figure 4 displays the average income shares allocated to total household consump-
tion on a monthly basis. In this context, total consumption comprises all subcategories
of the HBS category “consumption expenditures.” Voluntary insurance premiums or
similar items are not included. Although households are, as described above, grouped
into ventiles based on their weighted disposable income, it should be noted that average
incomes per ventile do not coincide exactly between the HBS and SILC datasets. This
is to be expected, as the application of population weights does not fully harmonize
the two data sources.

When considering the deviation in overall equivalised mean income across all house-
holds, Table 3 shows a difference of CHF 1,850. In the case where population weights
are applied, the average deviation in mean income amounts to CHF 2,068. For compar-
ison, separate deciles were additionally constructed for the population-weighted sce-

nario. The average absolute deviation between population-weighted deciles amounts
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to CHF 2,984, which is lower than in the unweighted case (CHF 3,176), as positive
and negative deviations do not offset each other. This indicates a slight harmonization
of the datasets and improved comparability, but by no means a complete alignment.

These deviation measures apply to both deciles and ventiles. Consequently, an ex-
act correspondence of total consumption shares between the HBS and SILC datasets
cannot be expected.

Applying the analytical framework proposed by Akoguz et al. (2020) leads to the
following conclusions:

First, it should be noted that the pattern of share distributions is largely identical
between the imputed and the observed data. The total share of consumer expenditures
declines steadily with increasing income, with the exception of a minor and short-lived
increase. The decrease in income shares also becomes less pronounced at higher income
levels, with both observed and imputed values exhibiting very similar trends across
all ventiles. At lower income levels, the decline is steep in both datasets and gradually
flattens as income rises.

Next, the vertical distances between the red data points and the blue interpolation
line above or below these points must be considered. These vertical distances should
always be analyzed and interpreted relative to the scale of the y-axis. The greater the
distance between the highest and lowest values, the smaller the individual deviations
appear visually. Nevertheless, in the present case, the figure shows relatively small
deviations, ranging between 1% and 5%. The overall mean values across the 20 income-
share plots amount to 86.13% for HBS and 84.40% for SILC, resulting in an average
difference of 1.73 percentage points.

Finally, it is important to assess whether systematic over- or under-imputation has
occurred, that is, whether the estimated shares predominantly lie above or below
the interpolation line. In the present case, there is a tendency toward slight under-
imputation, meaning that the imputed shares lie on average marginally below the
blue line. However, this under-imputation is of limited magnitude and does not have

a meaningful effect on the overall pattern.
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Figure 5. Comparison: average shares of category ”Housing and rental” between HBS and SILC per ventile
Source: HBS 2015-2017; EU-SILC 2020; authors’ illustration.

Figure 5 illustrates the relationship between income and expenditure shares for the
category "housing and rental”. As before, the overall pattern is consistent between
the imputed and observed values. A negative correlation is evident, and the change
in slope is also consistent across the HBS and SILC datasets. However, the vertical
distance between the imputed shares and the interpolation line is smaller in this case,
resulting in a higher degree of visual alignment, albeit on a tighter scale of the y-axis.
This is also reflected in the average expenditure shares across ventiles. The mean HBS
share amounts to 20.02%, while the mean SILC share is 19.85%. Overall, there is no
indication of systematic over- or under-imputation, at most a slight tendency toward

marginally lower percentages.

30



Mean Share
0 .0125.025.0375 .05 .0625.075.0875 .1 .1125.125.1375 .15 .1625.175
1 1

T T T T T T U T T T T
0 20000 40000 60000 80000 100000 120000 140000 160000 180000 200000
Mean Income per Ventile

HBS SILC

Figure 6. Comparison: average shares of category ” Utilities” between HBS and SILC per ventile
Source: HBS 2015-2017; EU-SILC 2020; authors’ illustration.

Figure 6 shows the correlation in the category “Utilities”. Here, too, the same as-
sessment can be made as before. The general trend, as well as the vertical distances
and the pattern with regard to over- or under-imputation, indicate successful impu-
tation. The average income shares are 5.24% for HBS and 5.29% for SILC. The total
difference is therefore only 0.05%. Due to the small differences in the visual analysis,
this value can also be approximated as the average difference within the individual
valves. This result also coincides with the results from Akoguz et al. (2020), where,
among other things, the category “Utilities” performed best in all 18 countries.

Further graphs for the remaining categories can be found in the Appendix 6. In
general, the analysis across all aggregated categories shows that the more frequently
a category is consumed - i.e., the more regular the consumption and, on the other
hand, the higher the share of consumption expenditure in disposable income - the
more consistent the imputation results are.

This can be illustrated using the categories “education” and “vehicles.” Here, the
patterns between imputed and observed values overlap significantly less. In addition,
the percentage deviations in average expenditure shares between HBS and SILC are

greater when measured relative to the respective category shares. However, this pattern
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does not apply to all categories: for example, imputation works comparatively well
in the “tobacco” category, even though it is characterized by both a low relative
expenditure share and a high level of non-consumption. Nevertheless, despite the loss
of quality described above, the results are good overall in some categories. It should
be noted, however, that with a smaller scaling range, larger errors or deviations occur
when only visual analysis is used (Akoguz et al. 2020). Appendix 6 contains summary

tables showing the average values for the valves for all aggregated output categories.

5.6. Distributional Similarity Assessment: Kolmogorov-Smirnov Test

Results

The Kolmogorov-Smirnov (KS) test is a nonparametric method for comparing two em-
pirical distribution functions (EDFs). It measures the maximum absolute difference
between the EDFs of HBS and SILC (D-value) and computes a p-value indicating
whether this difference could occur under the null hypothesis that both samples origi-
nate from the same distribution (Hedderich & Sachs 2020; Kolmogorov 1933; Smirnov
1939).

Table 7 reports KS test results for all 20 aggregated consumption categories. A low
D-value combined with a high p-value suggests strong similarity between distributions.
However, given the large sample sizes (approximately 8,000-10,000 observations), p-
values tend to be very small even for minor deviations. Therefore, interpretation should
primarily rely on D-values (Field 2018).

Overall, D-values are generally low, indicating strong alignment between observed
and imputed distributions. Categories with frequent zero expenditures - such as “Ve-
hicles” and secondary residence costs - show particularly high consistency, as both
datasets report zeros for most households. However, this pattern underscores a lim-
itation: high similarity in these cases reflects structural zeros rather than predictive
accuracy. Consequently, KS test results should be interpreted alongside other valida-

tion measures and with attention to category-specific characteristics.
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Table 7. Results of the Kolmogorov—Smirnov Test

Category D-value p-value
Housing and rental 0.0302 0.001
Food & non-alcoholic beverages 0.0644 0.000
Utilities 0.0224 0.023
Health & Care 0.0631 0.000
Communication 0.0368 0.000
Insurance 0.0436 0.000
Culture & leisure 0.0279 0.002
Private transport 0.0617 0.000
Tobacco 0.0163 0.190
Housing goods & services 0.0338 0.000
Public Transport 0.0085 0.908
Other 0.0152 0.254
Restaurants 0.0137 0.372
Alcoholic beverages 0.0340 0.000
Education 0.0172 0.145
Personal care 0.0371 0.000
Clothing and personal items 0.0248 0.008
Housing durables 0.0459 0.000
Utilities secondary residence 0.0036 1.000
Housing and rental secondary residence  0.0035 1.000
Traveling and holidays 0.0226 0.021
Vehicles 0.0106 0.696

5.7. Aggregate Consistency Checks and External Benchmarking

This subsection provides an overall assessment of the imputed consumption data and
examines its plausibility through aggregated comparisons with macroeconomic indica-
tors. A direct comparison of consumption-specific expenditures with national accounts
(NA) is not feasible because NA values for household consumption are derived using
the usage approach, which itself relies on HBS data (FSO 2025b). Consequently, such
a comparison would not offer an independent benchmark.

Instead, we use alternative proxies - such as social security contributions and federal
tax revenues - that are recorded independently of HBS. These indicators allow us to
verify whether aggregated totals in the imputed SILC data align with those observed in
HBS and, subsequently, with macro-level figures. This two-step comparison serves two
purposes: first, to assess internal consistency between donor and recipient datasets;
and second, to provide an initial indication of whether the imputed data reflects a
realistic overall picture.

It is important to note that any discrepancies between HBS and official macroeco-

nomic aggregates cannot be fully resolved within the scope of this study, as they may
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stem from structural differences in data collection or reporting. Nevertheless, present-
ing these results enhances transparency and helps contextualize the imputation quality
beyond micro-level validation.

A first comparison concerns the contributions of Swiss households to health insur-
ance. These insurance policies are taken out individually by households on a private
basis, but are nevertheless compulsory. Therefore, there is no employer contribution
if the household is in an employee-employer relationship (FOPH 2024). According
to social security statistics, revenues in 2019 amounted to 26.9 billion Swiss francs
(Schiipbach 2021). In the HBS and SILC data sets, the values in the category “Pre-
miums for basic insurance” were extrapolated using the available population weights.
This results in a total of 27.5 billion for HBS households and 26.05 billion for SILC
households. The consistency ratio is therefore 1.022 for HBS and 0.968 for SILC.

Other social security contributions include, for example, old age and survivors’
insurance (AHV), disability insurance (IV), and income compensation (EO). Unlike
health insurance, these are divided equally between employees and employers (FSIO
2025). However, the total amount for these three types of insurance also includes
self-employed persons who cannot be excluded. Therefore, households with dependent
employees were weighted twice to simulate the employer’s contribution. According
to social security statistics, contribution revenues amounted to 39.6 billion in 2019
(Schiipbach 2021). Within HBS, the total is approximately 22.6 billion, and in the
SILC data set, approximately 26.5 billion. The situation is similar with regard to
federal tax revenue. This actually amounted to 11.8 billion Swiss francs in 2019 (FFA
2020). Calculations based on HBS households yield a total of approximately 6.1 billion,
while calculations based on SILC households yield approximately 7.7 billion. The ratio
for HBS ranges between 50 and 60% in each case. The ratio for SILC performs better,
ranging between 65 and 70% in each case. The higher values in SILC are probably due
to the higher weighted average income of households. As noted in subsection 4.1, this
is almost CHF 2,000 higher.

Comparing savings rates with external data is again difficult, as the official fig-
ures are also based on HBS data. First of all, it should be noted that the average

values across all households are relatively similar with saving rates of 13.9 % in the
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HBS dataset and 15,6 % in the silc data set. The slightly higher savings rate in the
SILC data set may partly represent the higher average income. A comparison with
the external values reported in the literature indicates that our results are generally
comparable (i.e. here Lehner and Hofmann (2023)), although there may be deviations
due to variations in the calculation of the savings rate and to our adjustment for
inflation rates to bring the data up to the 2019 level. In the present analysis, only
expenditures in the “consumer spending” category were considered and calculated on
the basis of disposable income, without taking into account expenditure in the areas
of insurance, fees, or transfers, as these often include elements of voluntary savings,
such as discretionary retirement contributions.

Furthermore, it is striking that the savings rate (negative) is particularly high in
the lowest income bracket. It is difficult to find relevant comparisons in the literature,
as in most cases overall averages across all income classes are given. In addition,
there are structural differences between countries in terms of savings rates, which vary
considerably Eurostat (2025b). Nevertheless, the values should be viewed critically at
this point, as there are indications in the literature that household income tends to
be under reported in the lower income classes (Meyer, Mok, & Sullivan 2015). This
makes expenditure appear relatively higher and therefore results in higher (negative)

savings rates. However, this is a question of data collection and is beyond our control.

6. Conclusion

As part of this study, consumption data from the Household Budget Survey (HBS)
was successfully imputed into the Statistics on Income and Living Conditions (SILC)
dataset and analysed. The methodological approach proposed by Akoguz et al. (2020)
proved applicable even for a non-EU country such as Switzerland. Large-scale con-
sumption patterns observed within HBS could largely be retained and transferred to
SILC, with only minor deviations likely caused by inherent sample differences that
cannot be fully harmonized through weighting.

Prior to the two-stage regression process, data adjustment measures led to the ex-

clusion of 167 households from HBS and 15 households from SILC, ensuring that
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sufficient variance was retained for the imputation process. Six aggregated consump-
tion categories exceeded the threshold of 0.1 and were used for distance measurement,
a result comparable to the results in the literature. Using the Mahalanobis distance,
4,355 HBS households were identified as donors, with each donor assigned on average
to 1.87 SILC households. Consequently this approach maintained a high degree of
heterogeneity in consumption patterns while allowing the transferred data to closely
reflect the structure of the original HBS dataset.

Overall, the results that are shown by the constructed ventile graphs confirm
that imputation can reliably preserve key consumption structures dependent of the
weighted household income, across datasets. Categories with regular consumption,
such as housing, utilities or food exhibited particularly consistent transfers, while less
frequent categories showed slightly higher deviations. These findings demonstrate the
robustness of the imputation approach and provide a solid basis for further analyses

of household consumption behaviour in Switzerland.
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Appendices

Appendix A:
Overview table of selected expenditure categories and their aggregation

level

From left to right, Table 8 and Table 9 shows the aggregation level from which
the corresponding expenditures per category originate and the title of the expenditure

items that make up a category.
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Table 8. Overview of consumption categories

Category

Level of aggregation

First

Second

Third

Fourth

Fifth

1. Food and non
alcoholic beverages

A51 (Food and non-alcoholic
beverages)

2. Housing and rental

A5711 (Net rent or mortgage
interest on the primary
residence)

3. Utilities

A5712 (Additional costs of the
main residence)

+ A5713 (Energy of the
primary residence)

4. Communication

A63 (Messaging)

5. Personal Care

A681 (Personal hygiene)

6. Insurance

A80 (Life insurance

premiums)

A41 (Health insurance:
Premiums for supplementary
insurance)

+ A42 (Other insurance
premiums)

7. Alcoholic beverages

A521 (Alcoholic beverages)

8. Tobacco

A522 (Tobacco products)

9. Private transport

A6214 (Accessories and spare
parts for vehicles)

+ A6215 (Fuels and
lubricants)

+ A6216 (Vehicle service and
repairs)

+ A6217 (Other services in
the passenger vehicle sector)

10. Education

ABT (School and training fees)

11. Clothing and
personel items

A56 (Clothing and shoes)

A682 (Personal equipment)

12. Health and Care

A61 (Healthcare spending)
+ A31 (Social security
contributions)

+ A33 (Health insurance
companies: Premiums for
basic insurance)

13. Restaurants

A531 (Restaurants)




4%

Table 9. Overview of consumption categories - continuation

14. Housing goods and
services

A573 (Repairs and
maintenance of the
apartment)

+ A585 (Ongoing budget
management)

15. Housing durables

A581 (Furniture, decoration,
and flooring, including
repairs)

+ A582 (Household linen and
home textiles)

+ A583 (Household and
kitchen appliances)

+ A584 (Tools for home and
garden)

16. Culture and leisure

A661 (Audiovisual,
photographic, and computer
equipment and accessories))
+ A662 (Additional
equipment and items for
entertainment purposes)

+ A663 (Services for sports,
recreation, and culture)

+ A664 (Books, press
products, and stationery)

17. Public Transport

A622 (Transportation
services)

18. Vehicles

A6211 (Cars)

+ A6212 (Motorcycles,
scooters, and mopeds)
+ A6213 (Bycicles)

19. Traveling and

A532 (Accommodation

hollidays facilities)
+ A665 (Package tours)
20. Other A683 (Social, financial, and

other services)

21. Housing and rental
secondary residence

A5721 (Net rent and
mortgage interest on
secondary residences)

22. Utilities secondary
residence

A5722 (Additional costs for
secondary residences)

+ A5723 (Energy secondary
residences)




Appendix B:
Overview tables of average values per ventile for every selected expenditure

category

From left to right, Table 10 and Table 11 shows the average expenditure level of
every ventile, that are generated by using the population weights. It starts with the

ventile with the lowest average household income.
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Table 10. Overview of average expenditure shares per ventile (rounded)

L2 [3 Ja [5 Je [7 [s [o [ [1n [12. [13 [14 [15 [16 |17 [18. [19. [20. |
Total Consumption
HBS-share 1.678| 1.158| 1.039| 0.989| 0.989| 0.920| 0.907| 0.868| 0.849| 0.823| 0.816| 0.779| 0.747| 0.740| 0.723| 0.712| 0.681| 0.662| 0.622| 0.525
SILC-share 1.699| 1.122| 1.099| 1.034| 0.970| 0.884| 0.868| 0.842| 0.813| 0.800| 0.798| 0.746| 0.720| 0.715| 0.705| 0.700| 0.658| 0.623| 0.598| 0.486
Housing and Rental
HBS-share 0.427| 0.322| 0.281| 0.273| 0.243| 0.235| 0.216| 0.192| 0.187| 0.183| 0.172| 0.162| 0.161| 0.161] 0.150| 0.147| 0.136| 0.132| 0.124| 0.100
SILC-share 0.446| 0.307| 0.288| 0.266| 0.253| 0.228| 0.207| 0.194| 0.183| 0.179| 0.174| 0.164| 0.161| 0.156| 0.148| 0.140| 0.139| 0.130| 0.121| 0.086
Food & non-alcoholic
Beverages
HBS-share 0.274| 0.192| 0.162| 0.150| 0.140| 0.124| 0.120| 0.118| 0.113| 0.104| 0.100| 0.098| 0.089| 0.085| 0.080| 0.076| 0.069| 0.064| 0.056| 0.042
SILC-share 0.271| 0.171| 0.158| 0.132| 0.128| 0.115| 0.110| 0.107| 0.101| 0.098| 0.094| 0.084| 0.081| 0.078| 0.077| 0.067| 0.066| 0.057| 0.054| 0.040
Utilities
HBS-share 0.141| 0.090| 0.072| 0.064| 0.063| 0.062| 0.053| 0.053| 0.047| 0.045| 0.045| 0.042| 0.042| 0.041| 0.038| 0.034| 0.034| 0.030| 0.027| 0.023
SILC-share 0.151| 0.091| 0.079| 0.068| 0.066| 0.057| 0.054| 0.050| 0.050| 0.045| 0.044| 0.044| 0.039| 0.037| 0.036| 0.035| 0.032| 0.030| 0.029| 0.023
Communication
HBS-share 0.070| 0.049| 0.045| 0.043| 0.041| 0.035| 0.035| 0.033| 0.031| 0.031| 0.029| 0.028| 0.028| 0.028| 0.026| 0.024| 0.023| 0.021| 0.018| 0.014
SILC-share 0.076| 0.050| 0.042| 0.041| 0.040| 0.034| 0.033| 0.032| 0.031| 0.030| 0.030| 0.029| 0.027| 0.027| 0.024| 0.023| 0.022| 0.021| 0.018| 0.013
Health & Care
HBS-share 0.486| 0.347| 0.300{ 0.299| 0.297| 0.283| 0.278| 0.277| 0.274| 0.269| 0.256| 0.255| 0.250| 0.246| 0.246| 0.244| 0.237| 0.235| 0.226| 0.212
SILC-share 0.489| 0.328| 0.303| 0.291| 0.290| 0.273| 0.264| 0.261| 0.260| 0.258| 0.256| 0.248| 0.244| 0.241| 0.234| 0.234| 0.228| 0.227| 0.217| 0.201
Insurance
HBS-share 0.150| 0.093| 0.090| 0.088| 0.088| 0.087| 0.087| 0.086| 0.086| 0.086| 0.086| 0.085| 0.085| 0.084| 0.083| 0.082| 0.080| 0.080| 0.079| 0.071
SILC-share 0.156| 0.095| 0.089| 0.088| 0.088| 0.087| 0.087| 0.087| 0.086| 0.085| 0.085| 0.084| 0.084| 0.084| 0.083| 0.081| 0.080| 0.079| 0.078| 0.066
Culture & Leisure
HBS-share 0.115| 0.072| 0.072| 0.066| 0.066| 0.065| 0.065| 0.065| 0.064| 0.062| 0.061| 0.061] 0.060| 0.060| 0.056| 0.055| 0.055| 0.054| 0.047| 0.044
SILC-share 0.116| 0.080| 0.079| 0.071| 0.069| 0.065| 0.064| 0.063| 0.061| 0.061| 0.058| 0.057| 0.056| 0.055| 0.055| 0.055| 0.052| 0.049| 0.047| 0.039
Private Transport
HBS-share 0.085| 0.064| 0.061| 0.060| 0.060| 0.058| 0.058| 0.058| 0.058| 0.057| 0.055| 0.055| 0.055| 0.055| 0.053| 0.052| 0.051| 0.049| 0.044| 0.038
SILC-share 0.087| 0.073| 0.064| 0.060| 0.059| 0.058| 0.057| 0.057| 0.054| 0.053| 0.053| 0.052| 0.052| 0.051] 0.051| 0.051| 0.046| 0.045| 0.043| 0.033
Tobacco
HBS-share 0.018| 0.014| 0.013| 0.012| 0.009| 0.009| 0.008| 0.008| 0.007| 0.007| 0.007| 0.007| 0.006/ 0.006| 0.005| 0.005| 0.004| 0.003| 0.003| 0.001
SILC-share 0.021| 0.015| 0.013| 0.012| 0.011| 0.009| 0.008| 0.008| 0.007| 0.007| 0.007| 0.006| 0.006| 0.005| 0.005| 0.005| 0.004| 0.003| 0.003| 0.001
Housing Goods &
Services
HBS-share 0.028| 0.023| 0.020| 0.019| 0.019| 0.019| 0.018| 0.018| 0.017| 0.017| 0.017| 0.015| 0.015| 0.014| 0.014| 0.014| 0.014| 0.013| 0.013| 0.013
SILC-share 0.034| 0.025| 0.021| 0.019| 0.017| 0.017| 0.016| 0.016| 0.014| 0.014| 0.014| 0.014| 0.014| 0.013| 0.013| 0.013| 0.013| 0.012| 0.012| 0.012

Source: HBS 2015-2017; EU-SILC 2020.
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Table 11. Overview of average ependiture shares per ventile (rounded)

L2 [3 Ja [5 Je [7 [s [o [ [1n [12. [13 [14 [15 [16 |17 [18. [19. [20. |
Public Transport
HBS-share 0.045| 0.030| 0.030| 0.028| 0.027| 0.027| 0.026| 0.026| 0.026| 0.026] 0.026] 0.025| 0.025| 0.025| 0.024| 0.024| 0.023| 0.023| 0.022| 0.021
SILC-share 0.038| 0.032| 0.032| 0.030{ 0.030| 0.029| 0.027| 0.026| 0.026| 0.026| 0.025| 0.025| 0.024| 0.023| 0.023| 0.023| 0.022| 0.022| 0.020| 0.018
Other
HBS-share 0.017| 0.016| 0.015| 0.015| 0.015| 0.015| 0.015| 0.013| 0.013| 0.013| 0.013| 0.013| 0.013| 0.013| 0.012| 0.012| 0.012| 0.011| 0.010| 0.009
SILC-share 0.019( 0.019| 0.017| 0.016| 0.015| 0.015| 0.014| 0.014| 0.014| 0.013| 0.012| 0.012| 0.012| 0.011| 0.011| 0.011| 0.010| 0.010| 0.009| 0.009
Restaurants
HBS-share 0.123| 0.074| 0.072| 0.072| 0.071| 0.071] 0.070| 0.069| 0.069| 0.069| 0.068| 0.067| 0.067| 0.067| 0.067| 0.067| 0.066| 0.066| 0.065| 0.053
SILC-share 0.118| 0.085| 0.083| 0.079| 0.076| 0.076| 0.075| 0.072| 0.071| 0.070| 0.069| 0.068| 0.067| 0.065| 0.064| 0.063| 0.062| 0.062| 0.060| 0.048
Alcoholic Beverages
HBS-share 0.025 0.013| 0.013| 0.012| 0.012| 0.012| 0.012| 0.011| 0.011| 0.010{ 0.010| 0.010| 0.010| 0.010| 0.009| 0.009| 0.009| 0.009| 0.008| 0.008
SILC-share 0.036| 0.016| 0.015| 0.013| 0.011| 0.011] 0.011| 0.010| 0.010{ 0.010|{ 0.010|{ 0.010| 0.009| 0.009| 0.008| 0.008| 0.008| 0.008| 0.008| 0.007
Education
HBS-share 0.013| 0.009| 0.008| 0.008| 0.007| 0.007| 0.007| 0.007| 0.007| 0.006] 0.006| 0.005| 0.005| 0.005| 0.005| 0.005| 0.005| 0.005| 0.005| 0.004
SILC-share 0.017| 0.012| 0.009| 0.008| 0.007| 0.007| 0.006| 0.006| 0.006| 0.006| 0.005| 0.005| 0.005| 0.004| 0.003| 0.003| 0.003| 0.003| 0.003| 0.003
Personal Care
HBS-share 0.035 0.023| 0.021| 0.021| 0.020| 0.020| 0.020| 0.020| 0.019| 0.018| 0.018| 0.017| 0.017| 0.016| 0.015| 0.014| 0.014| 0.014| 0.013| 0.010
SILC-share 0.038| 0.026| 0.023| 0.021| 0.020| 0.020{ 0.019| 0.018| 0.018| 0.018| 0.017| 0.017| 0.017| 0.016/ 0.016/ 0.015| 0.012| 0.012| 0.012| 0.009
Clothing & Personell
Items
HBS-share 0.059| 0.041| 0.040| 0.040| 0.039| 0.037| 0.036| 0.036| 0.036| 0.036| 0.035| 0.035| 0.035| 0.034| 0.034| 0.034| 0.034| 0.033| 0.032| 0.027
SILC-share 0.046| 0.044| 0.043| 0.042| 0.041| 0.039| 0.039| 0.039| 0.038| 0.037| 0.037| 0.036/ 0.035| 0.035/ 0.035| 0.035| 0.033| 0.033| 0.031| 0.025
Housing Durables
HBS-share 0.046| 0.031| 0.030| 0.029| 0.029| 0.028| 0.028| 0.028| 0.026| 0.026| 0.026| 0.026] 0.025| 0.025| 0.025| 0.025| 0.025| 0.024| 0.023| 0.020
SILC-share 0.043| 0.041| 0.035| 0.031| 0.028| 0.027| 0.027| 0.025| 0.025| 0.025| 0.025| 0.025| 0.025| 0.024| 0.024| 0.024| 0.023| 0.022| 0.020| 0.019
Utilities Secondary
Residence
HBS-share 0.007| 0.004| 0.003| 0.002| 0.002| 0.002| 0.002| 0.002| 0.002| 0.002| 0.002| 0.002| 0.001| 0.001| 0.001| 0.001|] 0.001| 0.001| 0.001| 0.001
SILC-share 0.003| 0.003| 0.002| 0.002| 0.002| 0.002| 0.002| 0.002| 0.002| 0.002| 0.002| 0.002| 0.002| 0.001| 0.001| 0.001|] 0.001| 0.001| 0.001| 0.001
Traveling & Holidays
HBS-share 0.040( 0.039| 0.038| 0.037| 0.037| 0.036] 0.036| 0.035| 0.035| 0.033| 0.033| 0.032| 0.032| 0.032| 0.031| 0.030| 0.030| 0.028| 0.023| 0.022
SILC-share 0.042| 0.042| 0.038| 0.037| 0.037| 0.035| 0.034| 0.034| 0.034| 0.034| 0.033| 0.031| 0.031| 0.031| 0.031| 0.030| 0.028| 0.026| 0.020| 0.020
Vehicles
HBS-share 0.035 0.035| 0.034| 0.032| 0.031| 0.030| 0.028| 0.027| 0.026| 0.026] 0.026| 0.025| 0.025| 0.025| 0.025| 0.022| 0.022| 0.020| 0.020| 0.018
SILC-share 0.034| 0.034| 0.030| 0.030| 0.029| 0.029| 0.027| 0.027| 0.027| 0.027| 0.026| 0.024| 0.024| 0.023| 0.023| 0.021| 0.020| 0.016| 0.014| 0.012

Source: HBS 2015-2017; EU-SILC 2020.




Appendix C:

Ventile graphs for the remaining selected expenditure categories
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Figure 7. Comparison: average shares of category ” Alcoholic beverages” between HBS and SILC per ventile
Source: HBS 2015-2017; EU-SILC 2020; authors’ illustration.
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Figure 8. Comparison: average shares of category ”Clothing and personal items” between HBS and SILC

per ventile
Source: HBS 2015-2017; EU-SILC 2020; authors’ illustration.
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Figure 9. Comparison: average shares of category ” Communication” between HBS and SILC per ventile
Source: HBS 2015-2017; EU-SILC 2020; authors’ illustration.
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Figure 10. Comparison: average shares of category ” Culture and leisure” between HBS and SILC per ventile
Source: HBS 2015-2017; EU-SILC 2020; authors’ illustration.

47



Mean Share
0075 .01 0125 015 0175 .02
1

.005

.0025

0
1

T T T T T T U T T T T
0 20000 40000 60000 80000 100000 120000 140000 160000 180000 200000
Mean Income per Ventile

HBS SILC

Figure 11. Comparison: average shares of category ”Education” between HBS and SILC per ventile
Source: HBS 2015-2017; EU-SILC 2020; authors’ illustration.
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Figure 12. Comparison: average shares of "Food & non-alcoholic Beverages” between HBS and SILC per

ventile
Source: HBS 2015-2017; EU-SILC 2020; authors’ illustration.
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Figure 13. Comparison: average shares of category ”Health & Care” between HBS and SILC per ventile
Source: HBS 2015-2017; EU-SILC 2020; authors’ illustration.
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Figure 14. Comparison: average shares of category ”Housing durables” between HBS and SILC per ventile
Source: HBS 2015-2017; EU-SILC 2020; authors’ illustration.
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Figure 15. Comparison: average shares of category ”Housing goods services” between HBS and SILC per

ventile
Source: HBS 2015-2017; EU-SILC 2020; authors’ illustration.
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Figure 16. Comparison: average shares of category ”Housing and Rental secondary residence” between HBS

and SILC per ventile
Source: HBS 2015-2017; EU-SILC 2020; authors’ illustration.
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Figure 17. Comparison: average shares of category ”Insurance” between HBS and SILC per ventile
Source: HBS 2015-2017; EU-SILC 2020; authors’ illustration.
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Figure 18. Comparison: average shares of category ” Other” between HBS and SILC per ventile
Source: HBS 2015-2017; EU-SILC 2020; authors’ illustration.
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Figure 19. Comparison: average shares of category ”Personal care” between HBS and SILC per ventile
Source: HBS 2015-2017; EU-SILC 2020; authors’ illustration.

A
1

Mean Share

.02 .025 .03 .035 .04 .045 .05 .055 .06 .065 .07 .075 .08 .085 .09 .095

T T T T T T T T T T T
0 20000 40000 60000 80000 100000 120000 140000 160000 180000 200000
Mean Income per Ventile

HBS SILC

Figure 20. Comparison: average shares of category ”Private transport” between HBS and SILC per ventile
Source: HBS 2015-2017; EU-SILC 2020; authors’ illustration.
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Figure 21. Comparison: average shares of category ”Public transport” between HBS and SILC per ventile
Source: HBS 2015-2017; EU-SILC 2020; authors’ illustration.
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Figure 22. Comparison: average shares of category ”Restaurants” between HBS and SILC per ventile
Source: HBS 2015-2017; EU-SILC 2020; authors’ illustration.

93



Mean Share
0025 .005 .0075 .01 .0125 .015 .0175 .02 .0225 .025
1
]
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|

0

T T T T T U T T T T
0 20000 40000 60000 80000 100000 120000 140000 160000 180000 200000
Mean Income per Ventile

HBS SILC

Figure 23. Comparison: average shares of category ” Tobacco” between HBS and SILC per ventile
Source: HBS 2015-2017; EU-SILC 2020; authors’ illustration.
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Figure 24. Comparison: average shares of category ”Traveling and Holidays” between HBS and SILC per

ventile
Source: HBS 2015-2017; EU-SILC 2020; authors’ illustration.
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Figure 25. Comparison: average shares of category ” Utilities secondary Residence” between HBS and SILC

per ventile
Source: HBS 2015-2017; EU-SILC 2020; authors’ illustration.
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Figure 26. Comparison: average shares of category ” Vehicles” between HBS and SILC per ventile
Source: HBS 2015-2017; EU-SILC 2020; authors’ illustration.

95



