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Abstract

Addressing the call from the G-20 Data Gaps Initiative II1.8 recommendation to pro-
duce integrated micro-macro distributional data, this paper develops a methodology
for compiling distributionally extended input-output (DE-IO) tables that simultane-
ously integrate the income and expenditure dimensions of the household sector into
the interindustry system. Building on the Miyazawa interrelational multiplier tradi-
tion and recent advances in distributional national accounts, the procedure connects
three hitherto separate data infrastructures—FEurostat’s FIGARO symmetric input-
output tables, the Survey on Income and Living Conditions (SILC), and the House-
hold Budget Survey (HBS)-through statistical matching, grossing up to national ac-
counts totals, and bidirectional linkage via the C and V matrices. The empirical
application to Spain (2010-2023) traces industry-level price shocks through the full
circular flow of income, from functional income generation in production to the per-
sonal distribution of real purchasing power. The cost-push potential of sectoral shocks
is highly concentrated, and principal component analysis of COICOP-level transmis-
sion patterns identifies three distinct channels, the most prominent of which groups
essentials and is related to systematically regressive outcomes, with sign variability
across industries implying that shocks in accommodation and recreational activities
can be inequality-reducing. Decomposing real income changes into a price channel
and an income channel further reveals a structural misalignment in essential-goods
industries, where the price burden falls on the bottom deciles while wage gains accrue
to middle ones. The paper contributes to a mesoprudential monitoring framework for
inflation inequality and makes publicly available the complete 2010-2023 DE-IOTs
series for Spain-replicable across the European Statistical System—as supplementary
material.
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1 Introduction

The 2020s have witnessed an unforeseen rise in inflation after decades of price mod-
eration in advanced economies (International Monetary Fund, 2022; Auer et al.,
2024). While the postpandemic recovery and Russia’s invasion of Ukraine triggered
the highest inflation surge since the 1970s (Bernanke and Blanchard, 2024; Weber
et al., 2024a; Galbraith, 2023; DeLong, 2023; De Santis, 2024; Boissay et al., 2023;
Weber and Wasner, 2023; Eickmeier and Hofmann, 2022), climate change and the
latest Gulf war are introducing disruptions to supply chains and the price system as
a permanent feature of the global economy (Weber et al., 2024b). Save for a global
depression, price instability is here to stay.

From a single industry, cost shocks can ripple through the interrelated structure of
the economy (Galbraith, 2023; De Santis, 2024; Banbura et al., 2023; Chen et al.,
2023), aplifying the initial impact and enabling actors to sway the distribution of
factor income in their favour (Weber and Wasner, 2023; Uxé et al., 2025). At the
hosuehold level, this creates winners and losers whose final position depends not
only on the variance in exposer to inflation but also on how households tap into
different revenue sources besides labor compensation (Pallotti et al., 2023; Kiss and
Strasser, 2024; S. Basso et al., 2023; Jaravel, 2021; Lewbel and Houthakker, 2018;
Wimer et al., 2022; Milanovi¢, 2019). Together, the price and income channels iden-
tify the accounting connection between material living standards and interindustry
dynamics, which is of central importance for the effectiveness and inclusiveness of
inflation abatement policies (Van'T Klooster and Weber, 2024; Bernanke and Blan-
chard, 2024).

The G-20 Data Gaps Initiative I11.8 recommendation have hilighted the need for
statistics that measure the distributional constraints of policy choice. Substantial
institutional effort have beed placed into the construction of such accounts for wealth,
income and consumption to bridge the gap between macro benchmarks and micro
diversity (Balestra and Oehler, 2023; Coli et al., 2022; OECD, 2024; Morais et al.,
2023; UNDESA, 2013). Although this have coexisted with the policy interest on
global supply chains leading to the official production of multirregional input-output
databases (Remond-Tiedrez and Rueda-Cantuche, 2019), the accounting connection
between industries and households represents a fundamental data gap to deliver on
the II1.8 recommendation in a context of supply disruptions and price instability.

This paper seeks to fill this gap by creating a compilation guide to produce distribu-
tionally extended input-output (DE-IO) tables connecting industries and households.
Building upon recent work (e.g., Amores et al., 2024; Cazcarro et al., 2022; Alberti
et al., 2023), it merges the 2010-2023 FIGARO symmetric input-output tables (IOTs)
with the joint distribution of income and consumption of the household sector, which
comes from a synthetic dataset matching statistically the Spanish Household Budget
Survey (ES-HBS) and the Survey on Income and Living Conditions (ES-SILC) abind-
ing by the national accounts totals. A complete 2010-2023 series of distributionally
extended input-output tables for the Spanish economy is provided as supplementary



material, along with additional evaluation and intermediate input files.

The analytical possibilities of these data are illustrated by tackling a pressing policy
concern. The paper investigates the first-order implications of ., vcincome-driven
interdindustry price shocks for the distribution of household purchasing power. This
fits into the recent revival of the literature on impact analysis to understand the dis-
tributional consequences of inflationary shocks (Amores et al., 2024; Van'T Klooster
and Weber, 2024; Weber et al., 2024a; Fahr et al., 2024; Paul et al., 2021; Pichler
et al., 2022; Feenstra and Sasahara, 2018), to which it contributes with an improved
micro-to-macro linkage approach to the connection between functional and personal
real income distribution and a more consitent derivation of a shocked Consumer Price
Index (CPI) (Cazcarro et al., 2022; Mongelli et al., 2010; OECD, 2024; Coli et al.,
2022). The paper finds substantial heterogeneity in the cost-push potential across
industries, three distinct inflationary transmission channels, and sign variability in
their distributional effects. While price shocks in some industries (e.g., food or energy
production) disproportionately burden households at the bottom of the distribution,
others (e.g., accommodation or recreational activities) reduce inequality.

The paper starts in Section 2 with a short review of previous studies on the distri-
butional price shocks in 2.1 and household disaggregation in input-output analysis
2.2. Section 3 documents the methodological steps and choices involved in the cre-
ation of a distributional input-output model of the Spanish economy, starting with
the statistical matching in Section 3.1, followed by the grossing up to national ac-
counts in Section 3.2, and finally the income and expenditure linkages between the
household dataset and the symmetric input-ouput industry tables, in Section 3.3 and
Section 3.4, respectively. Section 4 briefly presents the basic Leontief price model and
the accounting representation of the distributional model, followed by an empirical
overview of the evolution of prices and incomes at the industry level in Section 5.1.
Within Section 5, 5.2 quantifies each industry’s inflationary potential and transmis-
sion channels and 5.3 evaluates the impact at the household level. Lastly, Section 6
summarizes the main conclusions and derives the most relevant implications of the

paper.

2 Background studies

2.1 Distributional effects of price shocks

From an input-output modelling perspective, we find plenty of research on industry
price shocks (Miller and Blair, 2022; Weber et al., 2024a,b; Valadkhani and Mitchell,
2002; Tunali Cahgkan and Aydogus, 2007; Pichler and Farmer, 2022; Rubbo, 2024),
but few contributions addressing the unequal impact of these price shocks on the
household sector. Two main reasons explain this. First, in the tradition of the
input-output framework the unit of analysis is the industry aggregate, so the in-
terest in price shocks relates to their impact on the macroeconomic balance among



sectors. Second, the accounting connection between industries and households, with
as few modelling assumptions as possible, is hindered by condiderable data and
methodological gaps.

Studying the distributional consequences of industry-specific price shocks requires
widening the focus from industry to household heterogeneity. Since we observe dif-
ferences in consumption baskets, changes to relative prices in addition to the price
level will generate inflation inequality among households (Jaravel, 2021). Further-
more, as differences in consumption choices strongly correlate with the position in
the income distribution (Lewbel and Houthakker, 2018; Chai and Moneta, 2013;
Kaus, 2013), shocks to certain industries would carry a systematic and dispropor-
tionate impact on different social groups: if the good whose price rises absorbs a
larger expenditure share among lower-income households, as is characteristically the
case for food and energy, the shock will be regressive.

The evidence on inflation inequality is robust. Bettarelli et al. (2023) examine 129
economies over 1970-2013 and find that energy price inflation is associated with a
significant increase in the Gini coefficient, with a larger effect in developing countries.
Kroger et al. (2023) provide granular evidence for Germany, showing that the 2022
natural gas price spike disproportionately burdened poorer households. In Spain,
Ferreira et al. (2024) decompose the 2021 inflation surge into wealth, income, and
relative consumption channels, while S. Basso et al. (2023) estimate that lower-
income households faced inflation rates approximately two percentage points higher
than higher-income ones in 2021, driven by food and energy shares. At the EU level,
Menyhért (2023; similarly to Claeys et al., 2024) shows that in all member states
except the Netherlands the bottom quintile experienced higher inflation than the
top in 2022, driven mainly by food and energy expenditure differences. Giirer and
Weichenrieder (2020) demonstrate that ignoring group-specific price indices leads to
underestimating the European Gini by nearly 0.04 points.

These findings underscore the importance of identifying industries whose price in-
stability carries the greatest potential to increase inequality. The input-output price
model offers a natural framework, because it captures both the direct effect on con-
sumption baskets and the indirect propagation through interindustry cost linkages.
Weber et al. (2024a) introduce the concept of systemically significant prices for
inflation, using the Leontief price model to show that a small set of US sectors—
petroleum, oil and gas, utilities, chemicals, farms, food and beverages, housing, and
wholesale trade—have a disproportionate capacity to trigger economy-wide inflation.
Lara Jauregui et al. (2025) extend this framework by incorporating decile-specific
consumption baskets, computing the change in the Gini coefficient associated with
each sectoral shock. They find a substantial overlap between sectors significant for
inflation and those significant for inequality, and show that the combined 2022 price
shock to the eight identified sectors produces a Gini increase equivalent to nearly one
year of the average annual inequality growth during 1980-2021. Weber et al. (2024b)
apply a related methodology to Germany in the context of carbon pricing, confirm-
ing that interindustry propagation amplifies the regressive bias beyond what direct



consumption shares alone would predict. Recent institutional efforts have sought
to embed consumption heterogeneity more formally within multi-sectoral models.
Amores et al. (2024) combine the EUROMOD microsimulation model with house-
hold survey data to quantify the distributional impact of the 2022 inflation surge
across EU member states, estimating that fiscal measures compensated roughly one
third of the welfare loss.

This literature establishes three findings upon which the present paper builds: the
sectoral origin of a price shock is a first-order determinant of its distributional inci-
dence; the input-output price model provides an appropriate framework for tracing
both direct and indirect transmission channels; and the data infrastructure linking
household surveys with interindustry accounts, while advancing rapidly, remains
incomplete regarding the simultaneous integration of income and expenditure het-
erogeneity. The distributional extension proposed in this paper addresses this last

gap.

2.2 Household disaggregation in input-output models

The analytical foundations for introducing household heterogeneity into the
input-output framework were laid by Miyazawa (1976b; see also Miyazawa, 1976a).
Miyazawa’s central insight was to disaggregate the scalar household income and
consumption entries of the standard closed Leontief model into matrices, thereby
replacing the single representative household with ¢ socioeconomic groups. He
defined a matrix of interrelational income multipliers that captures the feedback
loop between household consumption patterns and the generation of factor income
across industries, demonstrating that conventional multipliers understate the
total economic effects when household-industry feedbacks are ignored, and that
distributional consequences depend critically on which household groups are linked
to which industries through both channels. In this formulation, both the income
received by group h from industry j and the consumption expenditure of group h
on industry ¢ jointly determine the interaction between the productive structure
and the personal distribution of income.

Miyazawa’s framework inspired a broader research programme on social account-
ing matrices (SAMs), which extend input-output tables by embedding them within
a comprehensive representation of the circular flow of income. The SAM tradi-
tion acquired its distinctive distributional orientation through Pyatt and Thorbecke
(1976) and Pyatt and Round (1985), who formalized the accounting principles for
recording transactions between production activities, factors of production, house-
hold groups, government, and the rest of the world, making explicit the mapping
from the functional distribution of income—how value added is divided between
labour compensation, operating surplus, and mixed income—to the personal distri-
bution across household groups. Pyatt and Round (1979) provided the foundational
multiplier decomposition, distinguishing between transfer, open-loop, and closed-
loop effects (Miller and Blair, 2022, p. 517). Stone (1985) demonstrated how the



household sector could be disaggregated within the national accounts using SAM
principles, showing that a consistent disaggregation requires the simultaneous par-
titioning of both the factor income receipts row and the consumption expenditure
column, and observing that higher-order circular effects of demand injections on the
distribution of income tend to be relatively invariant to the sectoral composition of
the initial shock. Defourny and Thorbecke (1984) refined this tradition by applying
structural path analysis to the SAM framework, decomposing the global multiplier
into elementary transmission channels and tracing the specific paths through which
factor payments in one industry reach particular household groups via the income-
expenditure circuit.

Subsequent contributions have further developed these analytical tools. Sonis and
Hewings (1999) formalized the mathematical properties of the interrelational income
multiplier, while Kimura and Kondo (1999) offered alternative derivations high-
lighting the conditions under which the income distribution effects are well-defined.
Okuyama et al. (1999) adapted the Miyazawa multiplier to assess distributional con-
sequences of supply-side disruptions. Pyatt (2001) traced the historical convergence
of Miyazawa’s interrelational multiplier and the SAM-based decomposition of Py-
att and Round. More recently, Steenge and Serrano (2012) revisited the conditions
under which the Miyazawa framework yields economically meaningful distributional
results, and Steenge et al. (2020) examined the stability and convergence properties
of the multiplier process, clarifying the theoretical conditions for consistent and in-
terpretable distributional multipliers. Pyatt and Round (2006) have further demon-
strated how the SAM multiplier framework can be applied directly to the analysis
of poverty reduction, linking changes in the functional distribution of income to the
household distribution.

In parallel, a distinct body of work on demographic-economic extensions emerged
through Batey and collaborators. Batey and Madden (1983) developed extended
input-output models incorporating household demographic characteristics—notably
employment status—into the interindustry system, converting the household activ-
ity variables from monetary units to population counts. Batey (1985) provided a
comparative survey of the many ways the static Leontief model can accommodate
demographic-economic relationships, identifying a family of models ranging from
simple household closures to comprehensive formulations with multiple household
types. Batey et al. (1987) demonstrated the substantial sensitivity of multiplier
estimates to the level of household disaggregation—a finding of direct relevance to
the distributional extensions pursued here. Batey and Rose (1990) synthesized this
programme in an influential survey, emphasizing both the progress achieved and
the remaining potential for richer socioeconomic modelling through extended input-
output structures.

On the empirical side, substantial effort has been devoted to operationalizing the
disaggregation of household accounts within the SAM framework. Roland-Holst and
Sancho (1992) constructed a disaggregated SAM for the United States in which the
household sector was partitioned by income bracket, and used the linear multiplier



structure to study relative income determination, demonstrating that the distri-
butional effects of sectoral shocks are highly sensitive to the configuration of the
factor-income-to-household mapping. Roland-Holst and Sancho (1995) subsequently
extended this analysis to the price side, developing an intersectoral price model that
captures the interdependence among activities, households, and factors, providing a
complete set of accounting-consistent prices. In a related effort, Rose et al. (1999)
presented the full methodology for constructing an input-output income distribution
matrix for the US economy, disaggregating personal income accounts by eleven in-
come brackets and eighty sectors, and introducing for the first time a procedure that
accounts for multiple jobholders and multiple-earner households. Rose and Beau-
mont (1988) applied the Miyazawa interrelational income distribution multiplier to
a regional SAM, quantifying the feedback effects between industrial structure and
household income groups. Mongelli et al. (2010) integrated a heterogeneous house-
hold demand system into the input-output framework, demonstrating that the as-
sumption of a single representative consumer introduces significant bias into impact
assessments. A series of papers by Kim and Hewings (2012), Kim et al. (2015), and
Kim and Hewings (2015) developed extended econometric input-output models ac-
commodating household heterogeneity along dimensions such as income, migration
status, and age structure, while Katris et al. (2017) disaggregated the UK Social
Accounting Matrix to report household income quintiles, providing a practical tem-
plate for distributional SAMs in the European context. Round (2003) synthesized
the methodological lessons from decades of applied SAM work, noting that while
the disaggregation of the consumption vector had become relatively standard, the
simultaneous partitioning of the labour compensation row remained comparatively
underdeveloped.

Most recently, Cazcarro et al. (2022) have presented the full procedure for link-
ing Furopean household budget survey microdata with multi-regional input-output
databases, providing a systematic estimation of the bridge matrices needed at the EU
level. Their work addresses the well-documented difficulties arising from differences
in classification systems and coverage between micro and macro sources. Alberti
et al. (2023) have extended this approach to examine poverty and the functional
distribution of income within the input-output framework. The FIDELIO model
(Hu et al., 2020) at the European Commission’s Joint Research Centre has opera-
tionalized the SAM module within a broader framework linking input-output and
general equilibrium approaches, endogenizing households and government to capture
distributional effects. At the intersection with microsimulation, Peichl (2015) has
surveyed approaches for linking microsimulation and computable general equilibrium
models. Institutional efforts to develop distributional national accounts have further
expanded the scope for this integration (Coli et al., 2022; OECD, 2024; Balestra and
Ocehler, 2023).

Despite these advances, no unified methodology has been presented for extending
both the income and expenditure sides of the input-output system simultaneously
using household survey data integrated with national accounts totals. Much of the
existing work has focused on one channel at a time—typically the consumption side—



or has relied on aggregate SAM structures without micro-founded distributional
detail. The present paper seeks to address this gap by building on the accumulated
insights of the Miyazawa-SAM tradition, the demographic-economic extensions of
Batey and collaborators, and the recent empirical contributions on micro-macro
linkage.

3 Distributionally extended input-output tables:
Linking industry and household data

The possibility of adding a distributional dimension into input-output data is
premised on the compatibility of different information sources. Whereas household
surveys are one among the many inputs that come into the compilation of macroe-
conomic statistics, they are not fully consistent with the latter (Piketty et al., 2018).
A main advantage of national accounts (NA) despite averaging over household
heterogeneity is that they follow a “methodology harmonised at global level (the
System of National Accounts) and are thus generally comparable worldwide” (Coli
et al., 2022, p. 7). It is a consistent framework developed over decades that uses
multiple data sources to provide consistent and comprehensive data on income,
consumption and wealth (Lequiller and Blades, 2014).

In general, there are at least three main fault lines that separate micro and macro
sources. First, the concepts used often fail to show a complete overlap in the defini-
tion of common variables or reference dates, such that reclassifications or auxiliary
assumptions are needed for conceptual correspondance (OECD, 2020). Second, the
population scope of household surveys typically exclude some units (e.g., people
living in prisons or retirement homes), which requires upscaling survey weights to
match the population totals from NA (OECD, 2020). Third, household survey totals
do not match reference macro targets, sometimes by a substantial margin (Honkkila
and Kavonius, 2013; Morais et al., 2023). Put together, these issues can create con-
siderable bias in our understanding of the connection between micro to macro states
(Golan, 2017; dos Santos, 2017).

The input-output framework, on the other hand, presents a consistent representation
of the productive structure of the economy in complience with the main macromag-
nitudes (Miller and Blair, 2022). In the same way that household heterogeneity
challenges the assumption of a representative agent (Kirman, 1992; Shaikh, 2016),
the introduction of structural diversity into a single-sector macroeconomic model has
shed light on the importance of sectoral composition for development (Rodrik, 2006)
or, as more recently, to improve our understanding of inflation transmition channels
(Van’T Klooster and Weber, 2024).

By linking household survey data and conventional input-output tables we can in-
troduce heterogeneity in the relationship between the household sector and the in-
terindustry system. Although this connection has been explored in the past, no
fleshed-out, coherent method has been presented on how to extend distributionally
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Figure 1: Distributionally extended input-output dataset compilation procedure

the household sector in the input-output system from the income and expenditure
sides simultaneously. While Figure 1 portrays the four-stage process for integrat-
ing micro-level household survey data with the conventional input-output frame-
work: statistical matching to derive joint income-expenditure distributions, con-
ceptual mapping, gap allocation, and bidirectional linkage between households and
industries through both consumption and income channels, which we will refer to as
the C and V matrices, Figure 3 shows the structure of a DE-IOT.
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Definition ES-SILC Hellinger Frequency

Type of contract PL140 0.010 13
Tenure status HHO020 0.016 16
Ventile (5%) - 0.021 16
Degree of urbanisation  DB100 0.027 16
Gender PB150 0.042 16
Profesional status PLO040A 0.043 14
Age bracket PB140 0.047 16
Economic status PLO32 0.048 16
Marital status PB190 0.049 16
Ocupation PLO51A 0.077 16
Education level PEO41 0.114 9

Table 1: Matching variables ranked according to the average Hellinger distance met-
ric across the period

3.1 Deriving the joint distribution of income and expendi-
ture

First, a single synthetic dataset is derived out of the statistical matching of the
2010-2023 series of the Survey on Living Conditions (ES-SILC) and the Household
Budget Survey (ES-HBS). Since ES-SILC provides very complete information on
household disposable income, unlike ES-HBS, but no information on expenditure
(Lopez-Laborda et al., 2021), it becomes necessary to link observations from both
surveys to derive the joint distribution of income and expenditure at the household
level. For this case, we choose to apply a statistical matching approach to create
synthetic observations that approximate as much as possible actual households’ in-
come and consumption profiles (Balestra and Oehler, 2023; Serafino and Tonkin,
2017). This method assumes that similarity across household characteristics implies
exchangeable income or expenditure information on average (Balestra and Oehler,
2023; D’Orazio et al., 2006). For this case, we prioritize completeness in the income
information by making ES-SILC the recipient dataset and ES-HBS the donor dataset
(Balestra and Oehler, 2023; Lopez-Laborda et al., 2021).

Prior to the statistical matching, a set of common variables needs to be identified
and harmonized across the two surveys. This includes the selection of the reference
person of the households, whose sociodemographic information is used for group
aggregation at later stages. According to Balestra and Oehler (2023), the matching
variables have to display similar distributions and bear a significant correlation to the
variables of interest to guarantee the conditional independence assumption (CIA).
The selection of these variables is guided by the < 0.15 threshold on the calculated
annual Hellinger distance measure for all sociodemographic characteristics of the
household. The list of matching variables with their corresponding ES-SILC codes
and the average Hellinger distance in the 2010-2023 period is provided in Table 1.
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The statistical matching is performed via random hot-deck imputation with con-
strained replacement (Balestra and Oehler, 2023; D’Orazio et al., 2006). This is
illustrated in Figure 3. From the stratum of donor households matching the chosen
characteristics of the recepient observation, we select one in random. This donor
household is constrained to appear a maximum of three times in the donor pool. In
case no donor household meet the criteria, the number of matching variables can
be relaxed by dropping each one at a time (D’Orazio et al., 2006). A fallback or-
der is defined by the Hellinger distance ranking, where most disimilar variables are
dropped first. After running sensistivity analyses, we decide that in no case more
than 5 out of 11 (55%) matching variables could be discarded. In the few instances
that an unmatched observation remains (e.g., 0.6% in 2023) we relax the matching
set down to the distributional variables with no replacement constraint. We flag
that observation and check that on average it does not bias the results. In general,
the variable attrition rate is very sensitive to the relative size of the donor dataset,
which tended to be 60% relatively larger up to 2021 (e.g., 13597 vs 22203 in 2010
and 21007 vs 19394 in 2021, for ES-SILC and ES-HBS, respectively). Figure 15 in
the appendix shows the actual distribution of donor uses and variables dropped.

Recipient — Y Covariates — X Donor — Z
Recipient — A Y1 .. -Yn Ty...%p
Donor — B; T11---T1in Flil 000 Hlip
Donor — B, T21..-T2.n 221 ---Z2m
Donor — Bj; Z31---T3n 231-..-23;m
Donor — B,, Tm,1---Tm,n Ziidl o o o Zigougp
Matched — C Yi---Yn T3,1---23,n 231..-23n
Recipient dataset (A) Donor dataset (B) Matched dataset (C = A U B)

Figure 3: Schematic representation of two survey matching

To verify the robustness of the match, we apply several sanity checks to the pro-
cedure (e.g., matching number of observantions) and rely on the visual inspection
of the marginal distributions of expenditure at different aggregation levels, as illus-
trated in Figure 4 for household expenditure on food products. We find an almost
complete overlap in the aggregate, as well as at 2 and 3 digits. We provide additional
robustness tests in Appendix B.

3.2 Meeting the distributional national accounts require-
ments

The synthetic dataset resulting from the statistical matching procedure imputes the
joint distribution of income and consumption on ES-SILC. However, survey income
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Figure 4: Household expenditure on selected 3-digit consumption purposes before
and after the statistical matching, 2023

and expenditure totals are not sufficient to produce a linkage with industry data. In
fact, due to their different objectives and compilation procedures, survey totals are
well-known to fall short of the benchmark set by the Anual National Accounts (ANA)
(Morais et al., 2023). Following the call by Stiglitz et al. (2009) for better statistics
to improve our measurement of welfare, the G-20 Data Gaps Initiative (DGI) has
framed multiple efforts to bring the heterogeneity of household microdata in line with
the completeness of aggregate statistics to render visible the distributional impacts
of policy choices. Most importantly for this work, this linkage would allow to create
a connection between micro observations and IOTs.

Drawing from the methodological work of the Eurostat-OECD Expert Group on
joint distributions of Income, Consumption and Wealth at micro level (EG ICW),
documented by Coli et al. (2022) and the recent OECD Handbook on the compilation
of distributional national accounts (OECD, 2024), this paper follows the approach
to bring household distributional results in line with national accounts totals. This
consists of a three-fold procedure. Firstly, we implement a proportional adjustment
of survey weights to match the target population of ANA —this typically involve
small discrepancies related to different statistical frames.

Secondly, a conceptual correspondance between survey variables and the national ac-
counts framework is required to produce the vertical linkage, which, in turn, depends
on the level of aggregation of the macrodata. For instance, FIGARO IOTs presents
a single vector of industry observations for the gross operating surplus and mixed
income (B2AB3G), but in surveys we find information about, on the one hand, im-
puted rents and, on the other, cash benefits or losses from self-employment and value
of goods produced for own consumption, which are themselves proxies for part of the
total gross operating surplus (B2G) and mixed income (B3G). This paper relies com-
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Figure 5: Initial SILC-HBS to national accounts coverage ratios, 2023.

pletely on the EG ICW expertise by adopting the correspondence between ES-SILC
and ANA income items (see Coli et al., 2022, p. 23), whose conceptual mapping is
reproduced in Table 5. As for consumption, the correspondance is strightforward
since ANA and the household budget survey present their expenditure information
under the Classification of individual consumption by purpose (COICOP).

Thirdly, to arrive at comparabe totals, it is necessary to gross up “the relevant com-
ponents from the micro data sources with the income and consumption variables
from national accounts” (Coli et al., 2022, p.13). This is carried out item by item
using a specific gap allocation method. Coverage across income items is more uneven
than for expenditure, with cases such as other current transfers, received (4%) and
other current taxes (119.6%) in 2023. Assuming macro measurement dominance, any
deviation (up or down) from a 100% coverage ratio needs to be addressed. When the
nature of the gap is unknown, an allocation method is needed. Eurostat proposes
several alternatives: proportional allocation, Pareto tail modelling, progressive quan-
tile scaling, or a combination of more than one method. Each one relies on specific
distributional assumptions. Proportional allocation keeps the distribution invariant,
while Pareto tail modelling assumes a power law distribution above a given threshold
(Morais et al., 2023). Most importantly, the choice of a gap allocation method might
differ for income and consumption.

Following Eurostat’s centralized exercise for income, this paper adopts a combined
gap allocation strategy that differentiates by income item. First, it assigns propor-
tional scaling for items where the survey distribution is expected to be close to the
true distribution, such as wages and salaries (D11), employers’ social contributions
(D12), social benefits other than STiK (D62), net social contributions (D61), taxes
on income (D51), gross operating surplus (B2G), and property income paid (D4P).
Second, it applies Pareto tail modelling for property income received (D4R), which
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Figure 6: Marginal distribution of total equivalized household income pre/post
grossup to national accounts, 2023

we simplify as allocating proportionally all the gap to the top decile. Third, for
mixed income (B3G) and other current taxes (D59P) the method follows standard
bottom-up ascending decile gap shares. Fourth, a flatter ascending decile gap shares
allocation for other current transfers, received and paid (D7). The different gap
shares are reported in Table 2.

A few additional corrections are needed to prevent the gap allocation of items with
low coverage ratios from producing extreme values that distort household ordering.
This concerns other current transfers (D7), received and paid, as well as other current
taxes (D59). For the former, we redistribute the gap uniformly across all households,
following the rationale of Eurostat’s allocation albeit with a simpler distributional
assumption. As for the latter, we allocate the gap uniformly across households
either receiving interest, dividends, or profit income from capital investments in
unincorporated business or income from rental of a property or land .

Allocation gradient D1 D2 D3 D4 D5 De6 D7 D8 D9 D10

Income (to-the-top) 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.00
Income (standard bottom-up) 0.00 0.00 0.02 0.04 0.06 0.08 0.14 0.16 0.18 0.22
Income (flatter bottom-up) 0.04 0.06 0.07 0.08 0.09 0.11 0.12 0.13 0.14 0.16
Expenditure (non-necessities) 0.00 0.00 0.02 0.04 0.06 0.08 0.14 0.16 0.18 0.22

Table 2: Gap allocation gradients by decile. Notes: Values represent the share
of the aggregate micro-to-macro gap allocated to each decile, summing to unity.
The to-the-top income gradient assigns the entire gap to the top decile. The stan-
dard bottom-up income gradient follows Eurostat’s progressive top-concentration
approach (M3.1) adapted to deciles. The flatter bottom-up gradient distributes the
gap along a smoother progression akin to Furostat’s M3.3 for other current transfers.
The expenditure gradient for non-necessities applies a progressive quantile scaling
identical to the standard income distribution. Necessities are allocated proportion-
ally across all deciles.

For expenditure, the grossing up is carried out at 3 digits, which involve 46 consump-
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tion purposes—redistributing proportionally the total for narcotics (CP023). The
allocation leverage Engel’s Law by proportionally distributing the gap for necessi-
ties, but according to a progressive quantile scaling for non-necessities as reported in
Table 2. Our definition of necessities requires that the spending share of any 3-digit
COICOP item is larger for the first than for the last quintile.

Saving rate

Year Quintile Original ~ Matched Final Eurostat

2010 Q1 -50.7 -77.6 -97.9 -20.3
2010 Q2 -21.2 -3.1 14.2 3.3
2010 Q3 -14.5 18.8 28.3 15.2
2010 Q4 -7.0 24.7 33.0 24.7
2010 Q5 4.5 42.8 46.5 37.0
2015 Q1 -51.6 -86.3 -01.5 -19.1
2015 Q2 -19.2 -2.8 11.7 6.4
2015 Q3 -9.8 18.8 28.5 18.1
2015 Q4 -4.6 34.4 36.8 27.3
2015 Q5 7.0 49.8 44.5 39.3
2020 Q1 -18.2 -22.4 -21.3 -6.7
2020 Q2 7.2 26.5 20.4 22.3
2020 Q3 15.8 43.5 35.9 32.6
2020 Q4 23.5 55.2 46.3 42.3
2020 Q5 31.8 70.3 28.3 53.9

Table 3: Comparison of the quintile saving rate at different stages of the compilation
process with the official data by FEurostat. Source: Author’s elaboration using data
from INE and Eurostat.

We can compare the initial and final distribution of equivalized household income
by looking at Figure 6 (a), where they display very similar shapes, albeit flatter and
right-skewed in the case of the post-adjustment distribution. Figure 6 (b) shows
the comparison between the pre- and post-adjustment distributions for income. The
difference is larger than in the case of income, but the characteristic skewness to the
right and the smoothness of the distribution remains. At a more disaggregated level
we find a very similar pattern of close-resembling distributions, with no multimodal-
ity or degenerate behavior when not present in the original distribution. Despite
following a more strightforward procedure to bring consumption records in line with
national accounts, the pre- and post-adjustment income distributions are much closer
to one another. This suggest the possibility of a higher degree of uncertainty in con-
sumption data.

Lastly, we can investigate how well our implementation of the methodology works
in comparison with Eurostat’s own experimental statistics on distributional national
accounts (Coli et al., 2022). Table 2 shows a comparison of savings rates by quintile
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across the original ES-HBS, the SILC-HBS statistical matching, the final grossed-
up microdata, and FEurostat’s. Since savings results from the interaction between
income and consumption, it is an efficient way to test our results against official
statistics. As we can see, the comparison suggests a reasonable approximation. In
addition to comparing marginal distributions and sanity checks at each step, we
can further inspect the robustness by looking at a few additional tests, such as the
percentage of households changing decile as a consequence of the grossup process
in ?@fig-flow from Appendix B. Lastly, Table 3 shows the saving rate by income
quintile at different moments during the compilation of the data. It also includes
Eurostat’s own distributional national accounts estimates, which are only available
for every five years since 2010. Note that savings in this case are defined as total
disposable income (B6G) minus total consumption expenditure (P31NC) (OECD,
2024, p.27). The first thing to notice is that the most dissimilar rates are those
produced by the statistical matching. The final adjustment to national accounts
totals corrects them and brings them fairly close to Eurostat’s. This is a remarkable
result given the few different methodological choices and the fact that the results
in this paper rely entirely on open data. Nonetheless, further investigation on the
allocation to the first quintile is required.

3.3 The C matrix: bridging household expenditures on
products to industry production aggregates

In the input-output framework, household final consumption expenditure (P3_S14)
is aggregated into a single column vector, averaging over sociodemographic differ-
ences among households (Remond-Tiedrez and Rueda-Cantuche, 2019; UNDESA,
2018; Lequiller and Blades, 2014; Mongelli et al., 2010; Stiglitz et al., 2009). Since
Miyazawa (1976a), ubstantial efforts have been put in developing a consistent
methodology to disaggregate this vector distributionally (Mongelli et al., 2010; Kim
et al., 2015; Kim and Hewings, 2015, 2012; Katris et al., 2017). A recent paper
by Cazcarro et al. (2022) has filled the methodological gap in the literature and
provided the most detailed and robust connection between household expenditure
surveys and the corresponding vector from the IOTs.

Constructing such a disaggregation requires overcoming three systematic obstacles.
First, survey expenditure data are recorded according to the Classification of In-
dividual Consumption by Purpose (COICOP), whereas I0Ts report consumption
according to the Statistical Classification of Products by Activity (CPA). Second,
survey expenditures are valued at purchaser’s prices, while IOTs are compiled in ba-
sic prices (Remond-Tiedrez and Rueda-Cantuche, 2019; Lequiller and Blades, 2014).
Third, the IOTs are structured around industry output rather than product output,
which requires a further transformation from products to industries. Each of these
steps involves non-trivial data manipulation whose quality directly conditions the
reliability of the distributional extension. The procedure in Section 3.2 has already
addressed the well-known gap between survey and National Accounts totals (Coli
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et al., 2022); from the grossed-up COICOP expenditure totals therein, we follow
three additional transformations to arrive at a matrix of household consumption
that is fully compatible with the reference 10Ts.

This procedure permits grouping by any sociodemographic characteristic, such that
we can split the single aggregate HFCE vector into its group components (e.g.,
income deciles or age groups). Borrowing from Miyazawa (1976a), we call this subset

of consumption vectors the C = {¢; ;} matrix, where each element ¢, ; represents
nxg ) )

the flow from industry ¢ = 1,2, ...,n to the final consumption expenditure demand
(P3_S14) from households in group d = 1,2, ..., g.

3.3.1 Classification bridge: COICOP to CPA

While surveys report consumption data according to the COICOP classification, ex-
penditure aggregates in the IOTs follow the European Classification of Products by
Activity (CPA). To perform this reclassification, we employ a contingency or bridge
matrix B = {b, ;}, in which each element b, ; represents the expenditure amounts
that have a direct and unique correspondence between the two classifications. In
Europe, however, only a few countries report this information. To overcome this
difficulty, we draw from the estimated bridge tables made available by Cazcarro
et al. (2022), which link 64 CPA products to 46 three-digit COICOP items (ex-
cluding narcotics, CP023). To match our 2010-2023 series, a set of annual bridge
matrices are projected using the RAS algorithm (Miller and Blair, 2022, ch. 4). The
transformation is as follows,

Crr = CP -RAS(BO, u, v) (1)

cpa coicop

where BY is the 2010 bridge matrix (46 x 64), with target row sums u derived from
COICOP aggregates and target column sums v from the CPA use table vector of
household final consumption expenditure.

3.3.2 Valuation adjustment: purchaser’s prices to basic prices

At this point, we obtain a 64 x g matrix of product values at purchaser’s prices.
The 10Ts, however, are compiled in basic prices (Lequiller and Blades, 2014). The
accounting identity linking the two valuations is:

b
it =p + T+ M, (2)

where pI” and pfp denote household consumption of product 4 in purchaser’s and
basic prices, respectively, T, represents net taxes on products (taxes less subsidies),
and M, captures trade and transport margins (Eurostat, 2013, p. 17). Moving from
purchaser’s prices to basic prices requires knowledge of net tax rates and trade and
transport margin rates, which are confidential for several countries, including Spain
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and Germany. Following Mongelli et al. (2010) and Cazcarro et al. (2022), we derive
implicit rates from available supply-use table components and apply a stepwise trans-
formation algorithm F'(-) whose details are presented in Appendix A. The resulting
transformation can be written compactly as:

Ctr = F(CP) (3)

cpa cpa

We ensure that the reference vectors used in the calculation match the corresponding
entries in the FIGARO 10Ts, even where this implies some deviation from other
intermediate annual national accounts figures.

3.3.3 Industry transformation: CPA to NACE

Lastly, we need to match the CPA product data at basic prices to the NACE industry
classification used in the reference I0Ts. Following Eurostat (2008, p. 349), we
convert CPA data using the market shares matrix D = V’q !, where V’ is the
transpose of the supply matrix (product by industry) and ¢! the inverse of the
diagonalized column vector of product outputs. This corresponds to Model D, the
fixed product sales structure assumption (Miller and Blair, 2022, p. 203; Eurostat,

2008, p. 349):

Cn=p-C" (4)
The resulting n x g matrix is directly compatible with the industry-by-industry
FIGARO tables and constitutes the C matrix entering the extended model in Equa-
tion 9. When deriving synthetic CPI indices in Section 4, we reverse this process
using commodity-technology Model B and the same bridge matrix, redistributing
price changes from industries to consumption purposes at purchaser’s prices.

3.4 The V matrix: linking household disposable income to
the distribution of value added by industry

Although sufficient for many analyses (Mongelli et al., 2010), disaggregating only
the household consumption vector provides a one-sided distributional extension of
the input-output framework. Because households are conventionally ranked by their
position in the income distribution, a complete specification requires integrating
the income side of the industry-household connection as well. Following Miyazawa
(1976a), we define V = {v,, ;} as the matrix of total labour income coefficients paid
to wage earners in each income or socio-demographic bracket h = {1,2,...,q} per
unit of output j. For the standard 64-industry breakdown and income deciles, V is
a 10 x 64 matrix that replaces the 1 x 64 aggregate vector of labour compensation

(D1).

Constructing V requires tracing household disposable income (B6G) back to gross
value added (B1G) through the ESA 2010 sequence of accounts (Lequiller and
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Blades, 2014). In practice, this means reversing the consolidation of transactions
from the secondary distribution account to the production account, separating and
reallocating each source of household revenue to its corresponding factor of produc-
tion. For studies concerned solely with linking micro and macro data at the level
of household disposable income, this reverse mapping is unnecessary (Coli et al.,
2022; Morais et al., 2023). The difficulty here arises from the need to allocate each
income transaction to one of the three components of gross value added from the
income side—compensation of employees (D1), gross operating surplus and mixed
income (B2A3G), and other net taxes on production (D29X39)—while respecting
the consolidation of accounts across institutional sectors.

Three ESA 2010 accounts mediate between gross value added and household dis-
posable income (Eurostat, 2013; Lequiller and Blades, 2014, pp. 176-179). The
generation of income account distributes value added into compensation of employ-
ees (D1) and gross operating surplus and mixed income (B2A3G), net of other taxes
and subsidies on production (D29XD39). The primary income distribution account
adds property income (D4) to the operating surplus (B2G) and mixed income (B3G)
of the household sector, together with the economy-wide total of employee compen-
sation (D1). These two accounts record factor incomes proper; by folding property
income into operating surplus, a vertical linkage with the gross value added vector
in the IOTs can be established. The secondary distribution account traces the re-
distribution of primary income through taxes on income (D5), social contributions
(D61), social benefits (D62), and other current transfers (D7), yielding disposable
income (B6G) as its balancing item. Crucially, the ES-SILC definition of total house-
hold income corresponds to this last level of aggregation, not to the primary income
distribution. For the purposes of this paper, we establish the vertical linkage at
the primary income level—for B2A3G, D1, and D4—and treat the net government
transfers from the secondary distribution account as exogenous to the input-output
system.

Table 4 shows the resulting partial vertical linkage between the survey variables,
consolidated at the household level, and the production account. It excludes other
taxes and subsidies on production (D29X39), which have no counterpart in the sur-
vey, and the share of gross operating surplus (B2A3G) that accrues to the corporate
sectors—whether reinvested or retained as undistributed earnings. Once the survey
variables are harmonised with their national accounts counterparts, the data can be
consolidated at any desired level of household disaggregation, for instance by income
decile, occupation, gender, or education level of the reference person.

In addition to this sociodemographic grouping, households must be classified by
industry to produce an effective linkage with the IOTs—yielding a matrix that is
distributional along both the household and the industry dimensions. ES-SILC
records the economic activity of the local unit for the main job of each household
member (PL111A), classified according to NACE Rev. 2. As an approximation,
we assign each household’s total labour income to the NACE section of the refer-
ence person’s primary occupation. This simplification abstracts from multi-earner
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Production Account SNA  Distribution Account SILC Definition Variable

Gross operating surplus ~ B2G  Imputed rent HY030G

I . Self-employment cash flows PY050G

Operating surplus B2A3G Mixed income B3G Value of own consumption HY170N
Interest, dividends, profits HY090G

Property income D4 Income from property or land HY040G

Interest repayments on mortgage HY100G

Employee cash or near cash income PY010G

Wages and salaries D11  Non-cash employee income PY020G

Labor compensation D1 Company car PY021G
Employers’ insurance contributions PY030G

Employers” contributions D12 Contributions to private pension PY035G

Table 4: Vertical linkage between survey variables and the production account.

households.!. Where industry information is missing for households with positive
wages and salaries, the NACE code is imputed via a random hot-deck procedure
with unlimited donor reuse and a six-variable fallback sequence.

A further challenge is that ES-SILC provides industry information only at the NACE
1-digit level (21 sections, A to U), whereas FIGARO disaggregates up to 64 indus-
tries. To bridge this gap, we exploit the Structure of Earnings Survey (ES-SES),
which contains microdata on gross annual earnings by 3-digit NACE activities for
all non-agricultural sectors. From these data, we derive the distributional shares of
labour compensation across sub-industries within each NACE section, stratified by
earnings decile. Although the correspondence between individual earnings deciles
and equivalised household income deciles is imperfect, it provides a workable ap-
proximation. For the primary sector, where the SES has no coverage, we distribute
aggregate labour income across sub-industries (A0l to A03) in proportion to each
sub-industry’s share of total agricultural labour compensation (Section A) as re-
ported in the IOTs. The resulting V matrix matches FIGARO’s 64-industry break-
down. Lastly, an additional N matrix, produced following partly the same agrrega-
tion procedure, reflects a 64-industry breakdown of the number of people employed
by industry and group.

4 A distributional extension of price impact anal-
ysis of the household sector
4.1 The Leontief price model

Leontief’s linear production model (1986) characterises an economy in static equi-
librium with n industries, each producing a single composite commodity. The n x n

LA refinement that allocates individual earnings to each member’s own industry would improve
precision but requires assumptions on intra-household income pooling that lie beyond the scope of
this paper
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matrix Z = {z,;} records interindustry transactions, the n x 1 vector y = {y,} col-
lects exogenous final demand, and the n x 1 gross output vector x = {x,} satisfies
the accounting identity x = Zi + y from the row side and x’ = i’Z + v’ from the
column side, where v’ is the 1 x n vector of value added (Miller and Blair, 2022,
p. 9).2 Dividing each column of Z by the corresponding industry output yields the
n X n matrix of technical coefficients,

A=7x" (5)

where X = diag(x4, ..., x,,). The open Leontief system (I-A)x =y can be solved for
gross output as X = Ly, where L = (I-A) ! is the Leontief inverse. Post-multiplying
L by a final demand vector traces how an exogenous demand change propagates
through the interindustry network—the basis of demand-pull impact analysis (Miller
and Blair, 2022).

Alternatively, the same framework can be read from the supply side. Normalising
the column-sum identity x” = i’Z+v’ by the output vector, we obtain i’ =i’ A+v/,
where v/, is the vector of primary-input shares in total output. Since all values are
expressed per unit of output, they can be interpreted as base-year index prices equal
to unity. Denoting these prices by p’ = [py,...,D,,], the model can be solved with
respect to prices (Miller and Blair, 2022, p. 45):

p=(1-A")lv, (6)

Technology, represented by A, is taken as given, whereas primary-input costs are
treated as exogenous. Changes in unit factor costs propagate through the interindus-
try structure, capturing the mechanics of cost-push inflation.

4.2 The accounting structure of distributionally extended
10Ts

The distributional extension developed in Section 3 decomposes the income and
consumption dimensions of the household sector into subgroups. In the standard
open Leontief model, household income and consumption are part of exogenous final
demand. To internalise them, we close the technical coefficient matrix with respect to
households by moving the household consumption column and the labour-payments
row inside the system (Miller and Blair, 2022, p. 36). The resulting (n + g)-equation
system can be partitioned as:

-1
= /
Tnt1 ~h,  (1-h) fo
2The standard 10 assumptions include product homogeneity, fixed-proportions production func-
tions, no input substitution, no economies of scale, exogeneity of primary inputs and final demand

(unless the model is closed with respect to any of them), and semi-positivity of the interindustry
matrix (Miller and Blair, 2022, ch. 2).
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where h; is the vector of income received by households per unit of industry output
and h_ the vector of each industry’s household sales divided by total household in-

come x,,, ;. Both h; and h, can be separated into g distinct vectors corresponding to
grouped households (e.g., income deciles), which is the purpose of the distributional
extension.

Following Miller and Blair (2022, p. 517), the full accounting structure can be repre-
sented by a partitioned matrix G containing the endogenous block Z, the matrix of
exogenous final expenditures F, the matrix of exogenous income categories W, and
the matrix of exogenous income allocations to final expenditures B:

G— [VZV g} (8)

In this paper, W contains other taxes on products (D21X31) and gross operating
surplus (B2A3G). The endogenous block Z is itself partitioned into the interindustry
transaction matrix Z, the matrix of endogenous value-added inputs V, and the
matrix of endogenous final-demand expenditures C. Both V and C can contain
as many rows and columns as subgroups in the distribution. Normalising as in
Equation 7 yields the coefficient matrix:

S

where, for a decile breakdown (¢ = 10), A is the 64 x 64 matrix of technical co-
efficients, C the 64 x 10 matrix of endogenous final demand coefficients, and 'V
the 10 x 64 matrix of endogenous value-added input shares (Miller and Blair, 2022,
p. 517). The construction of C and V from household microdata is documented
in Section 3.3 and Section 3.4, respectively. By building a correspondence between
these model coefficients and the underlying microdata, we can connect industry-level
shocks with household-level outcomes through both the price and income channels.

4.3 Deriving a synthetic CPI

To link industry prices with household purchasing power, we exploit the price model
in Equation 6 together with the distributional structure of the S matrix. Let p denote
the base-year price vector satisfying p = v,(I - A)!. A shock to any component
of the value-added vector—for instance, a uniform increase in labour compensation
for the bottom three deciles—can be represented by a diagonal matrix of scaling
factors I' = diag(~y, ... ,’yg) applied to the corresponding rows of V. The resulting

post-shock price vector is:
p=iTVI-A)" (10)

where v; = 1 for unaffected groups and 7,; > 1 for those receiving the increase.
A two-industry, two-group numerical example with a 50% shock to the first group
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illustrates the mechanism:

515 1] 0.20 0.35] [1.20 0.35
b=l 0.45 0.15| [0.25 1.15

Note that the shock applies to only one of the two groups, but the formulation
accommodates any combination of heterogeneous shocks across groups and income
categories (e.g., profits).

With the post-shock p and baseline p price vectors, we derive the implied nominal
change in the household final consumption expenditure vector c at the industry level:

c=({P p)c (11)

To express the price changes in terms that match actual consumer expenditure cat-
egories, we reverse the three-step transformation described in Section 3.3. First,
we reclassify € from industries to products using the commodity-technology Model
B transformation matrix D’ = § 'V’, where ¢! is the inverse of the diagonalised
vector of industry outputs and V' the transpose of the supply matrix (Eurostat,
2008, p. 349). Second, we apply the valuation algorithm F(-) to move from basic to
purchaser’s prices (see Section 3.3.2 and Appendix A). Third, we apply the bridge
matrix B to convert from CPA products to COICOP consumption purposes. In
compact notation:

EJ:coicop = F(D/ : 6) -B (12)
At this stage, weighting the COICOP expenditure changes by the appropriate con-
sumption shares w; yields a household-specific synthetic CPI:

N
CPIh = th,i . Eh,i (13)

=1

where the subscript h indexes individual households (or household groups). Using
this scalar, we can deflate nominal equivalised disposable income to obtain real in-
come measures and compute, for instance, the corresponding Gini coefficients of the
real income and expenditure distributions. To capture the full personal distribution
effect, one would additionally allocate the increased labour incomes I'V to the cor-
responding wage-earning households. Although the possibilities of this methodology
are several, in Section 5.3 we illustrate it by studying the distributional impact of
industry-specific price shocks in Spain.

5 Empirical results

This section presents a few stylized facts on incomes and prices and two sets of ap-
plications of the Spanish estimation of the distributional input-output tables. Sec-
tion 5.1 provides a descriptive introduction to the accounting relationship between
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prices and incomes in the context of shock propagation. Section 5.2 presents first-
order analysis of industries’ inflationary potential, which includes the identification
of possible inflation channels via principal components analysis (PCA). Section 5.3
delves into the distributional impact of the shocks analyzed in the previous sec-
tion, with special attention to how inflation of necessities affect the bottom of the
distribution of household resources.

5.1 From functional to personal real distribution

This section illustrates the relationship between factor revenues, prices and real
purchaising power by presenting the macroeconomic evolution of the gross value
added (GVA) deflator, functional distribution, and the Harmonised Indices of Con-
sumer Prices (HICP) together with budget shares for the main expenditure groups.
Through these data, the section shows that post-2020 inflation surge has been con-
centrated in a handful of systemically significant industries, has coincided with a
divergence between profits and labour compensation, and has propagated to con-
sumer prices through expenditure groups whose share of household budgets is highly
skewed along the income distribution.

Figure 7 decomposes the growth of the GVA deflator and of nominal GVA itself, both
by 11-industry NACE grouping and by factor of income, over 2010-2024. Three reg-
ularities stand out. First, aggregate deflator growth was muted—around 0.4% on
average from 2010 to 2019—before the post-pandemic surge to an annual average of
5.5% in 2021-2023. Second, the surge was highly concentrated: in 2021 alone, the
top three contributing industries—Mining & utilities (BDE), Distribution (GHI), and
Public services (OPQ)—accounted for the bulk of aggregate price growth, a pattern
consistent with the cost-push transmission via systemically significant sectors docu-
mented by Weber and Wasner (2023). Third, the factor-wise decomposition (panel
c) reveals a clear post-2020 divergence: in 2022 gross operating surplus expanded by
9.3%, well ahead of wages and salaries. Combined with the industry concentration of
the deflator surge, this functional pattern indicates that the inflationary episode was
disproportionately driven by profits in a small set of industries that simultaneously
dominate the deflator and the nominal GVA decomposition.

The functional surge translated into consumer prices through specific COICOP
groups. Figure 8 (a) shows that, since 2021, the three most cumulative contributors
to HICP growth have been food & beverages, alcohol & tobacco, and restaurants &
hotels—precisely the categories most directly tied to the industries identified above.
Importantly, the budget incidence of these categories is far from neutral: as Fig-
ure 8 (b) shows, food and non-alcoholic beverages absorb 25.3% of total expenditure
for the bottom quintile in 2023, against 9.6% for the top quintile—a near three-
fold gap consistent with Engel’s Law (Houthakker, 1957; Chai and Moneta, 2010;
Kaus, 2013). The opposite gradient holds for restaurants and hotels (8.6% in Q1
versus 23.9% in Q5), implying that the distributional sign of an industry-specific
shock depends jointly on which COICOP categories absorb it and how those cate-
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(a) Industry—wise deflator growth rate decomposition (b) Industry-wise GVA growth rate decomposition
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Figure 7: Decomposition of the growth rate of the gross value added and its deflator.
Source: Author’s elaboration using Eurostat data.

gories rank in the household budget. This is precisely the joint pattern of industry
concentration, factor divergence, and skewed consumer exposure that the cost-push
simulations in Section 5.2 and the household-level decomposition in Section 5.3 are
designed to quantify.

5.2 Inflationary potential by industry shock

Figure 9 show the inflation rate resulting from a 50% shock increase to the gross
operating surplus of one industry at a time. The top five sectors by the size of their
impact in 2023 were accommodation (3.6%), real estate activities (3.5%), crop &
animal production (2.2%), financial services (2.1%), and electricity (1.8%). While
this implies shock sizes in proportion to the profit mass of each industry, if the
magnitud of the shock corresponds to a 50% increase in the average profit mass, we
obtain very different results. We find that mining & quarrying (12%), other personal
services (3%), fishing (3%), electronics repair (2.8%), and water transport (2.6%) are
the ones with the largest impact potential.
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Figure 8: Inflation decomposition by consumption purpose. Note: Data for 2025 is
a monthly average up to May. Source: Author’s elaboration with Eurostat data.

A majority of industries show no changes across the years, with a few exceptions.
The largest effect reductions arise in telecommunications (-0.6pp), textile products
(-0.5pp), and crop & animal production (-0.4pp). Conversely, some modest increases
in inflation potential can be found in financial services (1.4pp), mining & quarrying
(0.9pp), and accommodation (0.7pp). This corresponds to a proportional shock to
each industry’s profits. Alternatively, if we try to normalize the shock by allocating
a 50% increase to the average profit mass, we find much larger decreases in textile
products (-2.1pp), electronics repair (-1.5pp), and coke & refined petroleum (-1pp)
on the lower bound, and larger increases textile products (-2.1pp), electronics repair
(-1.5pp), and coke & refined petroleum (-1pp) on the upper bound. This difference
between shock implementations puts the emphasis on the weight of each industry
on total value added. Larger industries with lower profit shares could have the
same impact potential than smaller ones with higher shares. Given that we care
most about the absolute inflation potential, a proportional increase in the income
component is preferable.

While we have obtain a ranking of industries by the inflationary potential, the anal-
ysis of the channels through which the CPI is affected admits futher disaggregation.
Instead of deriving a synthetic CPI using average consumption shares as weights, we
can try to find patterns of activation of 3-digit consumption purposes across indus-
tries. To synthesize such information, we can apply principal components analysis,
as in Figure 10.3 For our case, PCA identifies the largest cluster of related variables
(i.e., 3-digit COICOP items) across industries. The first PC explains 18.2% and the

3PCA is an unsupervised learning method of dimensionality reduction similar to clustering. In
essence, it is used to break complex data into its fundamental patterns by thining out less relevant
features (Greenacre et al., 2022; Lever et al., 2017). Each principal component (PC) consists of
the geometrical projection of the data onto a lower-dimensional vector. There are as many PCs as
variables we find in the data. The first PC provides the best summary of the relationship among the
data while retaining the most variability. Each subsequent PC will provide a second- and third-best
fit to the remaining data variability, and so on until all variables and variance are exhausted.
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Figure 9: Top 30 industries by the estimated inflation rate resulting from a 50%
shock increase of the gross operating surplus of each industry in Spain. Source:
Author’s elaboration

first six PCs 59.7% of the total variability. Thus, focusing on the first six PCs seems
reasonable to identify the strongest patterns.

While Figure 10 (a) indicates how strong is the correlation of each original 2-digit
item with the first two PCs by means of the direction and length of the arrows,
Figure 10 (b) replicates the analysis for a 3-digit COICOP breakdown. The gradient
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Figure 10: Representation of the first two principal components for 2- and 3-digit
COICOP item breakdown. Note: The complete results for 3-digit COICOP items
can be consulted in the appendix. Source: Author’s elaboration with Eurostat data.

reflects the quality of the representation, with warmer colors indicating a weaker
one. At two digits, the chart indicates that there are three consistent clusters. One
highly populated group encompassing almost all items, and another two smaller ones.
While the first smaller cluster gathers furnishings and home appliances, recreation,
and restaurants, the second one collects a bundle of which several headings can be
considered essential: food and beverages (01), alcohol & tobacco (02), furnishings
& appliances (05), recreation & culture (09), and restaurants and hotels (11). At 3
digits the stark separation thins down, with the relevant cluster including a variaty
of headings: food (011), beverages (012), alcoholic beverages (021), tobacco (023),
furniture (051), home maintenance purchases (056), other recreational goods (092),
and garden products and pets (093).

Figure 11 protrays with greater clarity the cluster of expenditure groups. In gen-
eral, a persistent association between food and beverages and alcohol and tobacco
across vectors seems to exist. The first two PCs showed that this group extends to
some recreation good and services and homecare, which is likewise observable from
this perspective. As for the rest, the main associations are in recreational and hos-
pitality services, transport related purchases, homecare goods, and other personal
expenditures.

5.3 Distributional consequences of local industry price
shocks

The aggregate CPI computed in Section 6.1 is a population-weighted average that
conceals systematic differences in consumption structure across the income distribu-
tion (Giirer and Weichenrieder, 2020; Jaravel, 2021). Applying the 3-digit COICOP
price indices derived from the Leontief price model to the matched household mi-
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Figure 11: Hierarchical representation of item association. Source: Author’s elabo-
ration with Eurostat data.

crodata, we construct a household-specific synthetic price index C'PI;, and deflate
nominal equivalised disposable income accordingly, yielding the full distribution of
real income losses for each industry shock. As suggested by Figure 10 (b), the
PCA of COICOP-level transmission patterns already identifies a necessity cluster;
the household-level analysis confirms that this structural feature translates into a
systematic distributional bias. In 2023, the industries with the largest estimated
increase in the real income Gini coefficient under the price-only scenario are crop &
animal production (0.1pp), financial services (0.1pp), real estate activities (0.1pp),
food products (0.1pp), and electricity (0.1pp). Conversely, shocks most conducive
to inequality reduction originate in accommodation (-0.2pp), land transport (Opp),
and motor vehicle equipment (Opp).

A more granular characterisation of the asymmetry is provided by the inflation in-
equality gap Apy pig = CPIp, —~ CPIp,,, measuring whether bottom-decile house-
holds face a systematically larger price increase than top-decile ones for each industry
shock. Figure 12 ranks all 64 NACE industries by this scalar: positive values indi-
cate a regressive transmission pattern, negative values a progressive one. The most
regressive shocks originate predominantly in industries that constitute the neces-
sity cluster of Section 6.1—food processing, agriculture, electricity generation, and
real estate—consistent with well-documented European evidence (Bettarelli et al.,
2023; Menyhért, 2023; Ferreira et al., 2024). A smaller set of industries, chiefly ac-
commodation and food services and recreational activities, exhibits a negative gap,
reflecting the higher expenditure shares that affluent households allocate to those
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Figure 12: Inflation inequality gap (CPIp, — CPIp,,) for all 64 NACE industries
following a 50% shock to gross operating surplus, Spain, 2023. Orange bars de-
note regressive outcomes (CPI, > CPIp,,); green bars denote progressive ones.
Source: Authors’ own elaboration.

categories.

The distributional extended IOT also allows activation of the income channel through
the V matrix. For a given shock to the gross operating surplus of industry j, workers
in that sector receive a proportional increment to labour compensation vV ; along-
side the expenditure-side price effect. Figure 13 decomposes the total change in
equivalised real income into three components across income deciles for a selection
of key industries: (i) the price channel—the reduction in purchasing power due to
higher consumer prices; (ii) the income channel—the wage gain accruing exclusively
to households whose reference person is employed in the shocked industry; and (iii)
the net effect. The decomposition reveals a structural misalignment: for food and
energy industries, the price burden is monotonically regressive, depressing real in-
comes most in D1 and D2, whereas the income gain concentrates in the middle
deciles where worker coverage is highest. The income channel therefore provides
limited relief to the poorest households, and the net effect remains regressive for
necessity-goods industries (Lara Jauregui et al., 2025; Weber et al., 2024a).

Figure 14 synthesises the two-channel interaction by presenting the change in the
Gini coefficient under the price-only and the net (price plus income) scenarios for the
20 industries with the largest absolute distributional impact. In every case the net
Gini change is smaller in absolute value than the price-only counterpart, confirming
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Figure 13: Decomposition of the real income change into the price channel (i), the
income channel (ii), and the net effect (iii), by income decile, for selected NACE
industries. 50% shock to gross operating surplus, Spain, 2023. Source: Authors’
own elaboration.

that exclusive focus on the expenditure channel overstates the disequalising effect
of a profit shock. For hospitality and recreation industries the attenuation is more
pronounced, as workers tend to be distributed across the lower and middle deciles
and their wage gain partially offsets the inequality contribution of higher prices.
For food and energy industries, by contrast, the income and price channels remain
structurally misaligned: the price burden falls most on D1 while the wage gain
accrues to middle-decile households, reinforcing the case for targeted fiscal measures
when shocks originate in necessity-goods sectors.

6 Implications and conclusions

This paper interpellates the G-20 Data Gaps Initiative I11.8 recommendation by
developing a replicable methodology for compiling distributionally extended input-
output tables (DE-IOTs) that simultaneously integrate the income and expendi-
ture dimensions of the household sector into the interindustry system. Applied to
the Spanish economy over 2010-2023, the resulting dataset enables the tracing of
industry-level price shocks through the full circular flow of income—from functional
income generation in production to the personal distribution of real purchasing power
across households. This final section distils the methodological and policy implica-
tions of the analysis.
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Figure 14: Change in the Gini coefficient of equivalised real household income under
the price-only and net (price plus income) scenarios, for the 20 industries with the
largest absolute distributional impact. 50% shock to gross operating surplus, Spain,
2023. Orange bars: price channel only; purple bars: net effect. Source: Authors’
own elaboration.

6.1 Methodological implications

The first contribution of the paper is procedural. Building on the Miyazawa inter-
relational multiplier tradition (Miyazawa, 1976a,b) and recent advances in distribu-
tional national accounts (Coli et al., 2022; OECD, 2024; Piketty et al., 2018), the
paper offers a step-by-step compilation guide that connects three hitherto separate
data infrastructures—FIGARO symmetric 10Ts, ES-SILC, and ES-HBS—through
statistical matching, grossing up to national accounts totals, and bidirectional link-
age via the C and V matrices. Although the SAM tradition has long advocated
for household disaggregation (Pyatt and Thorbecke, 1976; Pyatt and Round, 1985;
Stone, 1985), most empirical implementations have been confined to the expenditure
channel alone (Mongelli et al., 2010; Cazcarro et al., 2022). By operationalising the
income channel through the V matrix, the DE-IO framework renders the interac-
tion between functional and personal income distribution directly observable at the
household level, a feature whose analytical value is demonstrated by the two-channel
decomposition presented in Section 5.3.

A second methodological implication concerns the derivation of household-specific
consumer price indices from the Leontief price model. Rather than relying on
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aggregate CPI weights, the combination of 3-digit COICOP bridge matrices with
household-level expenditure shares yields a price index C'PI; that captures the het-
erogeneous exposure of different income groups to interindustry price transmission.
The PCA of COICOP-level transmission patterns further reveals that the price ef-
fects of sectoral shocks are not randomly distributed across consumption categories
but cluster along identifiable channels, the most prominent of which loads heavily on
necessity goods—food, energy, and housing. This finding reinforces, from the supply
side, the demand-side evidence on inflation inequality documented in the literature
(Jaravel, 2021; Bettarelli et al., 2023; Menyhért, 2023; Ferreira et al., 2024).

Third, the analysis confirms that summary inequality measures must be chosen with
care. The Gini coefficient, while responding to industry-level shocks, understates
the severity of tail effects. The inflation inequality gap Ap; pyo and decile-specific
real income losses reveal a distributional incidence that the Gini alone would mask,
consistent with the wider critique of centre-sensitive measures in contexts of price-
driven welfare erosion (Pallotti et al., 2023; Amores et al., 2024).

More broadly, the DE-IO methodology is portable. Because it relies on harmonised
data sources—FIGARO tables are available for all EU member states and major
trading partners, while SILC and HBS microdata follow Eurostat regulations—the
compilation procedure can be replicated across the European Statistical System and,
with suitable adaptations, for OECD and G-20 economies. The provision of a com-
plete 2010-2023 panel as supplementary material is intended to facilitate replication
and extension by the research community.

6.2 Policy implications

The empirical application to the Spanish economy yields three policy-relevant find-
ings. First, the inflationary potential of industry shocks is highly concentrated: a
small number of sectors—real estate, food processing, agriculture, electricity, and
financial services—account for the bulk of the aggregate CPI response and, criti-
cally, for the most regressive distributional outcomes. Early monitoring of cost pres-
sures in these sectors could provide actionable lead indicators for stabilisation policy,
contributing to the mesoprudential framework advocated in the paper’s analytical
design.

Second, the two-channel decomposition of real income changes demonstrates that
the price and income effects of a given shock are structurally misaligned for precisely
those industries that matter most for the poor. When food or energy prices rise,
the resulting purchasing power loss falls disproportionately on the bottom deciles,
whereas the associated wage gains accrue to middle-income households employed
in those sectors. This misalignment implies that market-mediated compensation
through the income channel is insufficient to offset regressive price effects in necessity-
goods industries (Lara Jauregui et al., 2025; Weber et al., 2024a). The case for
targeted fiscal transfers or price stabilisation mechanisms is therefore strengthened
on structural rather than merely conjunctural grounds.
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Third, the sign variability of distributional effects across industries challenges the
assumption that all inflationary episodes are uniformly regressive. Shocks originating
in accommodation, recreational services, or motor vehicle activities reduce measured
inequality, reflecting the concentration of expenditure on these categories among
affluent households. This heterogeneity suggests that the net distributional impact of
a multi-sectoral inflationary episode—such as the post-2021 European price surge—
depends on the composition of the shock vector, an insight that aggregate inflation
targeting alone cannot capture (Van'T Klooster and Weber, 2024; Fahr et al., 2024).

6.3 Limitations and avenues for future research

The paper is subject to several limitations that I aim to tackle in future developments
of this research line. First, the absence of uncertainty bands around the estimates
is a shared weakness of the distributional national accounts literature, for which
no consensus methodology yet exists (Coli et al., 2022; OECD, 2024). Sensitivity
analysis with respect to the gap allocation procedure, particularly for low-coverage
expenditure items, would strengthen the robustness of the results. Second, the pro-
portional shock calibration employed in Section 5 remains arbitrary; historically
grounded shock magnitudes, calibrated to observed episodes such as the 2021-2023
inflationary surge, would improve the external validity of the simulations. Third,
the time-series dimension of the 2010-2023 panel remains underexploited: structural
decomposition analysis tracing the evolution of distributional sensitivities over the
business cycle constitutes a promising extension.

In sum, the distributional extension of the input-output framework offers a versatile
infrastructure for analysing the heterogeneous interaction between industries and
households. A large body of existing structural decomposition, multiplier, and im-
pact analyses in the input-output tradition is suitable for this extension, gaining an
additional layer of distributional detail (Steenge and Serrano, 2012; Alberti et al.,
2023). By rendering the functional-to-personal distribution connection empirically
tractable, DE-IOA contributes to the broader effort of integrating household het-
erogeneity into macroeconomic accounting and asserts the relevance of input-output
analysis for the study of inequality and living standards.
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Data Availability

The FIGARO supply, use, and input—output tables are publicly available from Eu-
rostat. The Spanish waves of the Household Budget Survey (HBS) and the Survey
on Income and Living Conditions (SILC) microdata used to build the distribution-
ally extended input—output tables are publicly available from the Instituto Nacional
de Estadistica. The full 2010-2023 series of distributionally extended input—output
tables for the Spanish economy, together with the replication code, is provided as
SUPPLEMENTARY MATERIAL to this paper.
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Appendix A: Valuation adjustment: from pur-
chaser’s prices to basic prices

As noted in Section 3.3, while the IOTs are compiled in basic prices, the valuation of

CPP corresponds to purchaser’s prices (Lequiller and Blades, 2014). Due to indirect
cpa

taxes and distribution costs—which include transport costs, trade margins, and taxes
less subsidies on products (Eurostat, 2013, p. 17)—consumers and producers face
different prices. The fundamental accounting identity linking the two valuations is:

P =pfp+Ti+Mi (14)

where pf” denotes household consumption of product ¢ in purchaser’s prices, p?p
denotes the same flow in basic prices, T} represents net taxes on products (taxes less
subsidies), and M, captures trade and transport margins.

Deriving implicit rates

Moving from purchaser’s prices to basic prices requires knowledge of net tax rates
and trade and transport margin rates, which are confidential for several countries
including Spain and Germany. Following Mongelli et al. (2010) and Cazcarro et al.
(2022), we derive implicit rates from available supply-use table components. Let Tfls
denote the implicit net tax rate and 7/*™ the implicit trade and transport margin

rate for product 7. These are computed as:

Tt Mt
TS = L — and T =t (15)
p,ref ? bp,ref
D; p;

where the superscript ref indicates reference values from the supply-use tables or
estimated from comparable countries.

Transformation algorithm

Given expenditure in purchaser’s prices p?? and the implicit rates 7/ and 7/, the
transformation to basic prices proceeds as follows.

Step 1. Compute the tax component by inverting the markup relationship:

T — PP P’ PP Tzﬂs 16
= s o)

Step 2. Compute trade and transport margins for products with non-negative mar-
gin rates. Define the pre-margin value as p;, = pt? /(1 + 71'%), then:

f)i ttm : ttm
— = . 7! if 7! >0
My=3 1+ ritm b= (17)
0 if Tftm <0
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Step 3. Aggregate positive margins to form the redistribution base. Since trade
and transport margins represent a reallocation across products (the margin industries
receive what other products “give up”), they must sum to zero in aggregate. The
positive margins provide the pool to be redistributed:

M= > M (18)

i THm>0

Step 4. Compute margins for products with negative margin rates. These represent
products where the margin industries effectively subsidize distribution (e.g., certain
agricultural or energy products):*

M} if 77t >0
Tftm M if Tittm <0
Step 5. Derive basic prices from the accounting identity:
b
p;" =pi" - T~ M; (20)

In matrix form, let cP? be the row vector of household consumption in purchaser’s
prices. Define the diagonal matrices & = diag(7/'*/(1+7/'¥)) and 8 = diag(7/"™ /(1+
Tftm)), with appropriate adjustments for negative margin rates. The transformation
can be written compactly as:

c? = F(cPP) = cPP(I-a—7) (21)

cpa cpa

where 4 is the diagonal matrix of effective margin shares incorporating the redis-
tribution logic from Steps 2-4. We verify the transformation by confirming that
cPP = ¢ + t + m, where t and m are the vectors of tax and margin components.

The reference vectors used in the calculation are matched to the corresponding entries
in the FIGARO IOTs, even where this implies some deviation from other interme-
diate annual national accounts figures.

4For products with ‘negative margin rates, we compute margins as a share of the aggregate
positive margin pool (M) rather than using each product’s own expenditure base. This treatment
preserves the redistributive interpretation of trade and transport margins and ensures internal

consistency when aggregating across products.
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Appendix B - Robustness

This appendix documents the quantitative evaluation of the two central statistical
procedures described in Section 3.1 and Section 3.2: (i) the statistical matching
of ES-SILC and ES-HBS, and (ii) the grossing-up adjustment to national accounts
benchmarks. Following the validation hierarchy established by Réssler (2004) and
operationalised in recent Eurostat-JRC work (Dreoni et al., 2025), the diagnostics are
organised in decreasing order of stringency: preservation of marginal distributions
(Level 4), correlation structures (Level 3), and joint distributional patterns (Level 2).
Level 1 validation—comparison of imputed versus true individual values—requires
an administratively merged dataset and is beyond the scope of this exercise. All
diagnostics cover the 2010-2023 series.

B.1 Statistical matching diagnostics
B.1.1 Donor usage and fallback levels

Figure 15 plots the distribution of donor uses and the number of matching variables
retained across the series. A well-behaved matching concentrates donor uses at
or below the constrained maximum (< 3) and requires minimal variable fallback.
Figure 16 shows the annual share of unmatched observations remaining after all
fallback steps.
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Figure 15: Distribution of donor uses (left) and matching variable fallback levels
(right) across the 20102023 series. Source: Author’s elaboration.

B.1.2 Preservation of marginal distributions (Level 4)
The minimum validation requirement is that the matched dataset preserves the

marginal distributions of the donor variables (Réssler, 2004). Figure 17 reports two
summary measures: the weighted mean absolute deviation (WMAD) of expenditure

48



7.5

5.0

Unmatched (%)

2.5

2010 2012 2014 2016 2018 2020 2022

Figure 16: Share of unmatched observations by year. Source: Author’s elaboration.

shares between the matched and original distributions, and the Hellinger distance
over the full expenditure distribution. Both are computed at the 2-digit COICOP
level.
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Figure 17: WMAD of expenditure shares (left) and Hellinger distance (right) between
the matched synthetic dataset and the original ES-HBS donor distributions, 2010
2023. Source: Author’s elaboration.

We can further assess the robustness of the statistical matching by visual inspection
of the imputed and the observed distribution of income shares of expenditures across
income ventiles. Figures 18 to 20 compare the two for each 3-digit COICOP heading
(see Dreoni et al., 2025; Akoguz et al., 2020; Capéau et al., 2022). The closest the
two curves are the better the matching peserves the original distirbution.
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Ventile Diagram of total expenditure shares, observed vs. imputed (ES 2024)
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Figure 18: Ventile Diagram of expenditure shares by COICOP heading (CP011 to
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Figure 19: Ventile Diagram of expenditure shares by COICOP heading (CP053 to
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Figure 20: Ventile Diagram of expenditure shares by COICOP heading (CP091 to
CP0112) in 2024, observed vs. imputed. Source: Author’s elaboration.

B.1.3 Preservation of correlation structures (Level 3)

Beyond marginal distributions, the matching should preserve within-group expen-
diture patterns conditional on sociodemographic covariates, approximating the cor-
relation structure criterion (Réssler, 2004; Dreoni et al., 2025). Figure 21 reports
the WMAD of expenditure shares within strata defined by each matching covariate,
averaged across 2-digit COICOP categories. Smaller deviations indicate that the
imputed expenditure-covariate association faithfully mirrors the donor dataset.

Figure 22 provides the time-series evolution of this within-covariate WMAD for each
matching variable, allowing us to identify whether specific covariates experience de-
terioration in matching quality in particular years—for instance, following changes
in survey design or sample composition.
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eraged across years. Lower values indicate better preservation of the covariate-
expenditure association. Source: Author’s elaboration.
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B.2 National accounts linkage evaluation
B.2.1 Coverage ratios

Figure 23 display the pre-adjustment coverage ratios (survey total / national ac-
counts target) for income and expenditure items, respectively. Values below unity
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Figure 23: Initial SILC-HBS to national accounts coverage ratios, 2023. Source:
Author’s elaboration.

indicate survey under-reporting; values above unity arise occasionally for specific
transfers or from differences in scope.

B.2.4 Post-adjustment consistency

Figure 24 confirms that the grossing-up procedure brings micro totals into align-
ment with national accounts targets. Each point represents an income item—year
combination; proximity to the 45-degree line indicates successful adjustment.

B.2.5 Distributional impact of the grossing-up

Figure 25 plots the Gini coefficient of equivalized disposable income after the
grossing-up, confirming that the progressive gap allocation preserves the broad
inequality profile while bringing aggregates into consistency with the national
accounts.

Figure 26a and Figure 26b displays the decile composition of selected national ac-
counts income items, illustrating how the gap allocation distributes the micro-to-
macro adjustment across the income distribution. The progressive gradient con-
centrates adjustment in upper deciles for most items, consistent with the well-
documented pattern of top-income under-reporting in household surveys (Morais
et al., 2023; Coli et al., 2022).
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B.2.6 Saving rates by quintile

Finally, Figure 27 compares the implicit household saving rate by quintile across the
original HBS, the matched synthetic dataset, and the post-grossup distributional
accounts. Consistency of these profiles across processing steps provides additional
confidence that the joint income—expenditure distribution is internally coherent.
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Figure 26: Share of households changing equivalized income decile after the grossing-
up adjustment to national accounts. Source: Author’s elaboration.
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Appendix C: Other intermediate and final results

National Accounts ES-SILC

Definition Code Definition Code
Operating surplus, gross B2G  Imputed rent HYO030N
Mixed income, gross B3¢ Income from self-employment PYO050G
Value of own production HY170G
W d salari D11 Employee cash or near cash income PY010G
ages and salaries Non-cash employee income PY020G
Company car PY021G
Employer’s actual contribution D12  Employer’s actual contribution PY030G
Property income, received D4 Interest, dividends, profits HY090G
Property income, receive Income from property rents HY040G
Property income, paid Interest repayments on mortgage HY100G
Taxes on income D51  Taxes on income and social contr. HY 140G
Other current taxes D59  Regular taxes on wealth HY120G

Households’ actual social contr. D613 . .

Households’ social contr. D614 Taxes on income and social contr. HY140G
Unemployment benefits PY090G
Old-age benefits PY100G
Social benefits and transfers D62 Swrvivor benefits PY110G
Sickness benefits PY120G
Disability benefits PY130G
Education-related allowances PY140G
Housing allowances HYO070G
Family/children related allowances HY050G
Other social exclusion HY060G
: HYO080G
Other current transfers, received 7 Regular inter-household transfer HY110G
Other current transfers, paid HY130G

Table 5: Correspondence between ES-SILC and National Accounts income items
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PC1 PC2 PC3 PC4 PC5 PC6 PC7 PC8 PC9 PCI10
Factors
Food -0.24  -0.37 0.04 0.00 0.03  -0.03 0.05 -0.05 0.08 -0.03
Beverages -0.24  -0.37 0.04 0.00 0.03  -0.03 0.05 -0.06 0.03 -0.03
Alcoholic beverages -0.24  -0.37 0.04 0.00 0.03  -0.03 0.05 -0.06 0.03 -0.03
Tobacco -0.24  -0.37 0.04 -0.01 0.03 -0.04 0.05 -0.05 0.04 -0.03
Clothing -0.03 0.03 -0.37 0.10 0.07  0.18 0.25 -0.31  -0.04 0.10
Footwear -0.03 0.02 -0.38 0.09 0.06 0.13 0.15 -0.38  -0.01 0.15
Actual rents 0.00 0.05 0.07 -0.05 0.56  -0.05 -0.05 -0.03 -0.03 -0.01
Imputed rents 0.00 0.05 0.07 -0.05 0.56  -0.05 -0.05 -0.03 -0.03 -0.01
Home maintenance 0.00 0.02 0.01 -0.01 -0.01  0.02 0.00 -0.01 0.03 0.09
Water & house services 0.00 0.05 0.07 -0.05 0.56 -0.05 -0.05 -0.03 -0.04 -0.01
Energy -0.03 0.02 0.02 -0.02  -0.02 0.12 -0.05 0.09 -0.30 0.06
Furniture & furnishings -0.03 0.00 -0.33 0.05 0.03 -0.16 -0.23 0.36 0.01 -0.18
Household textiles -0.03 0.02 -0.44 0.10 0.06 0.07 0.06 -0.20 0.01 0.12
Household appliances -0.01 0.01 0.00 -0.06  -0.05 0.10 -0.18 -0.06 -0.42  -0.03
Household utensils -0.02 0.00 -0.03 -0.03 -0.03 0.05 -0.06 0.03 -0.08 0.20
Household equipment -0.11 -0.13 -0.02 -0.07 -0.05 0.06 -0.13 0.01 -0.45 0.13
Household maintenance -0.16 -0.20 -0.08 -0.01 0.01 0.01 0.00 0.09 -0.10 -0.01
Medical products -0.01 0.00 -0.09 -0.01 -0.02  -0.22 -0.01 0.16 -0.04 -0.07
Out-patient services 0.06 0.04 -0.02 -0.08 -0.06 -0.54 0.30 -0.09 -0.24 0.00
Hospital services 0.06 0.04 -0.02 -0.08 -0.06 -0.54 0.30 -0.09 -0.24 0.00
Purchase of vehicles 0.00 0.02 0.01 -0.03 -0.02 0.09 -0.12 0.00 -0.21 0.19
Personal transport -0.05 0.03 0.02 -0.01 -0.02 0.15 -0.12 0.12 -0.27 0.25
Transport services 0.07 0.03 -0.02 -0.18 -0.04 0.02 -0.03  -0.06 0.21 0.03
Postal services 0.21 0.01 -0.06 -0.35 -0.05 -0.01 0.00 -0.08 0.22 -0.04
Communications equipment 0.01 0.02 0.00 -0.04 -0.05 0.05 -0.21  -0.29 -0.17 -0.52
Communications services 0.00 0.02 0.03 0.02 -0.02 0.01 -0.02 -0.06 0.06 -0.04
ICT equipement 0.01 0.04 0.02 -0.03  -0.07 0.05 -0.20 -0.36 -0.09 -0.52
Other recreational durables -0.04 0.00 -0.38 0.07 0.04 -0.12 -0.19 0.27 0.03 -0.12
Other recreational items -0.18  -0.25 -0.04 0.01 0.02 -0.05 -0.02 0.06 0.10 -0.03
Recreational services -0.05 0.04 0.07 0.13 -0.02 -0.02 -0.02  -0.08 0.15 -0.03
Books and stationery 0.01 0.01 -0.08 -0.02 -0.02 0.00 -0.04 0.12 0.10 -0.06
Package holidays -0.11 0.13 0.12 0.45 -0.01 -0.08 -0.03 -0.04 0.03 0.00
Early and primary education 0.34 -0.23 0.00 0.16 0.03 0.01 -0.01 0.01 -0.04 0.00
Secondary education 0.34 -0.23 0.00 0.16 0.03 0.01 -0.01 0.01 -0.04 0.00
Non-tertiary education 0.34 -0.23 0.00 0.16 0.03 0.01 -0.01 0.01 -0.04 0.00
Tertiary education 0.34 -0.23 0.00 0.16 0.03 0.01 -0.01 0.01 -0.04 0.00
Education not definable by level 0.34 -0.23 0.00 0.16 0.03 0.01 -0.01 0.01 -0.04 0.00
Catering services -0.13 0.14 0.12 0.45 -0.01  -0.08 -0.02  -0.03 0.01 0.00
Accommodation services -0.13 0.14 0.12 0.45 -0.01  -0.09 -0.02 -0.03 0.01 0.00
Personal care -0.02 0.03 -0.01 0.04 0.04 0.26 0.46 0.25 -0.14  -0.28
Personal effects n.e.c. -0.03 0.01 -0.42 0.07 0.04 -0.10 -0.10 0.16 0.02 -0.13
Social protection 0.06 0.02 -0.01 -0.09 -0.02 -0.04 0.06 -0.02 0.16 0.04
Insurance -0.01 0.03 0.02 -0.01  -0.01 0.06 0.08 0.07 0.10 -0.01
Financial services n.e.c. 0.02 0.02 0.02 -0.04 -0.02 0.00 0.04 -0.01 0.10 -0.03
Other services n.e.c. -0.01 0.06 0.02 0.02 0.07 0.28 0.47 0.26 -0.12 -0.28
Parameters

Eigenvalue 5.79 4.36 4.03 3.30 3.00 2.12 1.96 1.72 1.64 1.57
Variance (%) 12.88 9.68 8.96 7.33 6.67 4.71 4.37 3.83 3.66 3.50
Cumulative (%) 12.88 22,56 31.52 38.85 45.52 50.23 54.59 58.42 62.07 65.57

Table 6: Principal components analysis of unique industry shocks on 3-digit COICOP
items. Source: Author’s elaboration.
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