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Abstract:
This paper studies the transmission of monetary policy in the Czech economy
through the lens of household heterogeneity. Standard macroeconomic models often
rely on representative agents, while real-world households differ in income, wealth,
liquidity constraints and balance-sheet exposures. These differences are particularly
relevant in the Czech Republic, where household wealth is highly concentrated and
housing constitutes the dominant component of household portfolios. We therefore
apply a HANK-type decomposition framework to a post-transition, high-home-
ownership economy where wealth concentration makes the upper tail of the wealth
distribution central to understanding balance-sheet channels. The framework
quantifies how changes in interest rates affect household consumption through five
channels: intertemporal substitution, net interest rate exposure, income, the Fisher
effect, and capital gains. The results reveal substantial heterogeneity in the strength
and composition of these channels across household income and wealth groups:



intertemporal substitution dominates for non-hand-to-mouth households, income
matters more for liquidity-constrained households, and capital gains remain non-
negligible despite a conservative calibration of housing wealth effects. Overall,
accounting for household heterogeneity more than doubles the simulated
consumption response relative to a representative-agent benchmark and brings the
model-implied response close to empirical estimates of the impact of a monetary
policy shock obtained using local projections. The findings suggest that
representative-agent frameworks may understate the importance of labour-income
and housing-wealth channels in monetary policy transmission.

JEL: D14, D31, E13, E21, E52, E58
Keywords: monetary policy transmission, heterogeneous agents, hand-to-mouth
households, HANK, HFCS, EU-LFS, Czech Republic
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1 Introduction

Households play a central role in macroeconomic models as agents that supply labour, hold
wealth, and determine aggregate consumption. Yet, their behaviour is far from homogeneous,
and over the last two decades, a growing body of empirical research has shown that heterogeneity
in household income, wealth, consumption responses, and access to financial markets affect the
transmission of monetary policy and the reactions to macroeconomic shocks (Kaplan & Violante,
2018; Debortoli & Gali, 2017; Ampudia et al., 2018; Patterson, 2023).

The key insight from this research is that the main friction driving heterogeneous responses
is the presence of idiosyncratic risk and the limited scope of insurance markets to smooth shocks.
These features imply that households facing liquidity constraints are unable to borrow against
future income or wealth. This, in turn, leads to the failure of the Ricardian equivalence, which
assumes that consumption decisions respond only to permanent income and not to the timing
of income or interest rate changes. As a result, aggregate consumption dynamics cannot be
understood without accounting for how shocks are distributed across households and how those
households differ in their marginal propensities to consume (MPCs), interest rate exposures,
and other characteristics influencing their consumption responses. While much of the literature
therefore focuses on liquidity-constrained households (following Kaplan et al., 2018), differences
at the top of the wealth distribution may also shape aggregate outcomes, as the richest house-
holds hold a disproportionate share of financial and real assets (Slacalek et al., 2020). Despite
their potential importance in shaping the aggregate responses to various shocks, the role of
the top wealth groups has received relatively lower attention than the difference between the
Ricardian and liquidity-constrained households, particularly in the Czech context.

The relevance of studying monetary transmission through heterogeneous households is in-
creasingly recognised within central-bank policy institutions. In the case of the Czech National
Bank (CNB), the recent external review of the analytical and modelling framework explicitly
highlights the limitations of relying on a narrow class of models and recommends broadening
the modelling toolkit toward approaches that better exploit granular data and capture hetero-
geneity across economic agents (Muellbauer, 2024; Sustek, 2024; Mandel & Briina, 2024). More
broadly, central-bank research has increasingly moved toward modelling frameworks that incor-
porate micro-level heterogeneity, non-linearities and behavioural features to improve accuracy
and policy relevance (see Czech National Bank, 2022, p. 14). For this purpose, the Heteroge-
neous Agent New Keynesian (HANK) models have become a key framework due to their detailed
depiction of household heterogeneity within a New Keynesian setting, extending the standard
Representative Agent New Keynesian (RANK) framework (e.g. Kaplan et al., 2018; Sims et al.,
2022; Alves et al., 2020). Furthermore, empirical contributions have proven that the mechanisms
driven by household heterogeneity can be studied without specifying a fully-fledged quantita-
tive model, either using stylized models (Bilbiie, 2025; Acharya et al., 2023) or reduced-form
decompositions populated by micro-level data (Auclert, 2019; Slacalek et al., 2020).

This paper builds on these contributions and provides an empirical decomposition of the
heterogeneous consumption response to monetary policy in the context of the Czech Republic —
a small open economy with an independent inflation-targeting central bank. The core framework
of the paper is the analytical decomposition of the monetary transmission proposed by Auclert
(2019). Following Slacalek et al. (2020), we populate this framework using empirical input at
both the household and aggregate level, which allows us to estimate the relative strength of



the transmission channels between household groups. The aggregate consumption response to a
monetary policy shock is decomposed into five channels: the intertemporal substitution, the net
interest rate exposure channel, the income channel, the Fisher effect, and the capital gains chan-
nel. The intertemporal substitution channel captures forward-looking consumption smoothing
emphasised in RANK models. The complementary direct channel, the net interest rate exposure,
measures how monetary policy affects households’ net interest flows depending on their asset
and liability positions. The last three channels represent the indirect impact of monetary policy
on consumption. The income channel reflects the effect of changes in income streams, particu-
larly relevant for households dependent on labour or transfers. The Fisher channel captures the
reallocation of resources between borrowers and savers due to nominal rigidities and asymmetric
exposure to monetary shocks. Lastly, the capital gains channel highlights the so-called wealth
effect, i.e. how the value of real assets (housing and stocks) affects consumption behaviour.
Since household balance sheets differ substantially across countries, the relative importance of
monetary transmission channels is inherently country-specific. Applying the framework to ad-
ditional economies therefore provides new evidence on how institutional settings and household
wealth distributions shape monetary policy transmission.

To implement this decomposition empirically, we rely mostly on the fourth wave of the House-
hold Finance and Consumption Survey (HFCS), which offers detailed microdata on household
balance sheets in the EU countries. Households are categorized based on liquidity and net
wealth, following the classification in Kaplan & Violante (2014) and Kaplan et al. (2014) into
poor hand-to-mouth (HtM), wealthy HtM, and non-HtM households. Unlike Slacalek et al.
(2020), who consider it as an extension, we distinguish households at the top of the wealth
distribution in our baseline specification. This reflects the potential macroeconomic importance
of highly concentrated wealth holdings and allows us to quantify their contribution to aggregate
transmission. Household balance sheets provide the exposure measures entering the decom-
position, while EU Labour Force Survey (EU-LFS) data are used to estimate the sensitivity
of household employment to aggregate labour-market conditions across groups. Aggregate re-
sponses of interest rates, inflation, earnings, and asset prices to monetary policy shocks are
obtained using smooth local projections (SLPs) identified with high-frequency monetary policy
surprises.

The results highlight substantial heterogeneity in both the magnitude and composition of
household consumption responses to monetary policy shocks. Among non-HtM and Top 10
households, the main transmission mechanism operates through the intertemporal substitution
channel, while in contrast, poor and wealthy HtM households respond strongly through the
income channel. For both wealthy HtM and the Top 10 households, also the housing capital
gains channel contributes non-negligibly despite the conservative calibration of housing wealth
MPCs. The estimated overall consumption response is significantly amplified when heterogene-
ity is accounted for, with less than 50% of the aggregate effect attributed to direct channels,
and the remainder stemming from indirect channels, especially income and, to a lesser extent,
housing capital gains. Relative to the RANK benchmark, incorporating heterogeneity amplifies
the simulated response by a factor of 2.1 and brings it close to the empirical smooth local pro-
jections (SLP)-based estimate of the consumption response to monetary policy shock. These
findings suggest that representative-agent frameworks may understate the role of labour income
and housing wealth channels in monetary policy transmission, which may in turn affect the
assessment of consumption dynamics within the Czech economy.



This work contributes to the literature in several directions. First, to the best of our knowl-
edge, it presents the first HANK-type decomposition of monetary policy transmission for the
Czech Republic, a small open economy with an independent inflation-targeting central bank and
household balance sheets that differ markedly from those of the euro area economies studied by
Slacalek et al. (2020). Second, we make the top of the wealth distribution part of the baseline
decomposition rather than treating it only as a sensitivity check. This distinction is important in
an economy with high home ownership and concentrated real estate wealth, where the wealthiest
households hold disproportionately large balance-sheet exposures and therefore shape aggregate
capital-gains and interest-rate-exposure channels. Third, on the methodological side, the paper
extends the motivating work of Slacalek et al. (2020) by refining the estimation of household
employment elasticities via a weighted least absolute shrinkage and selection operator (LASSO)
imputation to deal with potential model uncertainty, and by conducting extensive sensitivity
analysis showing that the results are affected by changes in the specification and parameteriza-
tion of the model. Taken together, this paper provides a transparent and empirically grounded
framework for evaluating how household heterogeneity and wealth inequality affect monetary
policy transmission in the Czech Republic, with direct relevance for the current discussion on
broadening the CNB’s modelling toolkit beyond the representative-agent and Two-Agent New
Keynesian (TANK)-type frameworks.

The rest of the paper is structured as follows. Section 2 outlines the analytical decomposition
of household consumption response into channels. The heterogeneity structure together with
estimated shares and exposures of household groups is presented in Section 3. Other empirical
inputs for the decomposition are obtained in Section 4. Section 5 describes the consumption
response decomposition results, tests robustness and provides cross-country comparison. Sec-
tion 6 concludes, discusses implications for monetary policy, limitations and directions for future
research. Appendix A describes data, Appendix B provides summaries of alternative decompo-

sition inputs.

2 Analytical Decomposition

Investigating the heterogeneous effects of monetary policy between households requires decom-
posing the impact of interest rate shocks into the alternative transmission channels based on
Slacalek et al. (2020); Auclert (2019). Therefore, we show the expressions for both the direct
(intertemporal substitution channel and net interest rate exposure) and indirect (labour income,
Fisher re-evaluation of long-term assets, and capital gains on housing and stocks) channels for
each household type.

Following Slacalek et al. (2020), we implement three key assumptions that facilitate the
isolation of the impact of unexpected change of monetary policy from other confounding fac-
tors. First, we study the effect of a purely transitional unanticipated monetary policy shock,
which lasts for one period and does not affect the future path of interest rates (“MIT shock”).
Although not fully realistic, this shock allows for a clearer identification of transmission mech-
anisms by shutting down the impact of persistence on the interest rate path and the change in
expectations that might affect the consumption reaction beyond the impact of the unanticipated
monetary policy shock itself (Boppart et al., 2018). Second, we abstract from the possibility
that the household status can be affected by changes in monetary policy, albeit the fluctuations
in income caused by policy tightening and easing might force some households to adjust their



spending in response to changes in liquidity. Precautionary savings are incorporated into our
framework partially through our MPC estimates and, as Debortoli & Gali (2017) suggest, the
effects of variation in consumption dispersion and change in the share of constrained (HtM)
households tend to offset each other. Third, we restrict our focus to the consumption of non-
durables and services. The exclusion of durables is justified by the inherent characteristics of
their consumption, which involves longer decision-making processes, dampening the immediate
response to monetary policy adjustments.

We first decompose the direct channel — the effect of a transitory change in the interest rate
on consumption, holding income constant. Two effects emerge: the intertemporal substitution
channel, which captures how interest rate changes affect households’ intertemporal substitution
capacity, and the net interest rate exposure channel, which reflects the impact on debt servicing
costs. The direct channel is complemented by three indirect effects. First, the labour income
channel, where interest rate changes influence aggregate demand and thereby employment and
wages, with nominal rigidities amplifying and prolonging the effect. Second, the Fisher channel,
which shows how higher inflation reduces the real burden of nominal debt by lowering its real
value. Finally, the capital gains channel, where monetary policy alters the valuation of illig-
uid assets such as housing and stocks, generating wealth effects that feed back into household

consumption.

2.1 Non-HtM and Top 10 Households

The non-HtM and Top 10 households are characterized by non-binding borrowing constraints
and therefore have the capacity to smooth consumption, which makes them less sensitive to
short-term fluctuations. Such behaviour is typical for permanent-income consumers — individ-
uals who plan their consumption and savings based on expected lifetime income rather than
current income alone. Their decisions can be described by a standard intertemporal optimiza-
tion problem in which households maximize the expected discounted utility of consumption
subject to a dynamic budget constraint linking consumption, income, and asset accumulation.

The optimality condition of this problem is the Euler equation for consumption, which
equates the marginal utility of consuming today with the discounted marginal utility of consum-
ing tomorrow adjusted by the real interest rate. This condition captures the key intertemporal
trade-off — households compare the benefit of current consumption with the return obtained
from saving and consuming in the future.

Following Auclert (2019) and Slacalek et al. (2020), we take total differential of the Euler
equation and the budget constraint around the steady state. This allows the overall consump-
tion response to a monetary policy shock dc, to be expressed as a combination of the five
aforementioned channels that operate through household balance sheets and general equilib-
rium adjustments. Thus, the change in consumption caused by the monetary policy shock for
the non-HtM and Top 10 households becomes the following;:

de, = delPS 4+ del T 4 detNC 4 deOM 4 dcSAF (1)
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The first component, dcy,

corresponds to the intertemporal substitution channel. This
mechanism reflects the standard intertemporal substitution emphasized in RANK models. A
higher interest rate r increases the return to saving relative to current consumption c,,, en-

couraging households to postpone spending. The strength of this response depends on the



intertemporal elasticity of substitution % and on the marginal propensity to save (1 — ). The

NIE

1% captures the net interest rate exposure channel. Monetary policy

second component, dc
affects households’ disposable resources by changing the interest income received on long-term
liquid assets 6% B, and the interest payments owed on long-term liabilities 6'l;. Additionally,
during monetary tightening, net borrowers with labour income y and short-term liquid assets b
smaller than their consumption (b; + v+ < ¢y, ) face higher costs while net savers (b; + y: > ¢p,)
benefit. The magnitude of this effect is proportional to the household’s MPC u. We refer to
these two effects as direct effects since they capture the consequences of interest rate change
itself.

The income channel, de/N¢

'~ represents the first indirect effect of monetary policy operating

through general equilibrium adjustments in labour markets. Monetary policy influences ag-
gregate demand, which affects employment and wages. Individual households experience these
changes heterogeneously depending on how strongly their individual labour income y co-moves

with aggregate economic activity. This heterogeneity is captured by the elasticity of household

NOM

- UM captures the redis-

earnings with respect to aggregate income €, y. The Fisher channel, dc
tribution generated by inflation when households hold nominal assets or liabilities. Unexpected
changes in the price level p alter the real value of net nominal position m;. Borrowers benefit

when inflation reduces the real burden of debt, while lenders experience the opposite effect.

CAP

4, captures changes in consumption resulting from the

Finally, the capital gains channel, dc
revaluation of real assets such as housing or stocks k; because monetary policy can influence the
relative prices of these assets ¢;. These potential capital gains translate into higher consumption.
Since not all households adjust their spending in response to these gains, the effective MPC is
scaled by the parameter .

Formally, the relative change in consumption is given by the equation 2 representing indi-
vidual effects by their respective factors, which is derived from the HANK model in Slacalek
et al. (2020).

dey, 1
— =——1=p)dr
S(=n)

Cny

1
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N

2.2 HtM Households

The HtM households are characterized by their inability to engage in intertemporal financial
planning due to binding borrowing constraints. They lack access to flexible credit and have min-
imal savings, which means their consumption decisions are entirely determined by the current
income and debt obligations. In terms of the underlying household problem, the Euler equation
does not hold for these households because they operate at the borrowing constraint. Con-
sequently, the intertemporal substitution channel disappears, and their consumption responds
mainly through mechanisms affecting contemporaneous resources. The decomposition distin-



guishes between the poor HtM households (holding no illiquid assets, subscript p) and wealthy
HtM households (holding some illiquid assets, subscript w).

dey, = dczj?VIE + dciNC + dc]]?VOM (3)

dey, = dc]u\,UE + dc{UNc + dcfXOM + dchP (4)

For HtM households the intertemporal substitution channel is zero, as binding borrowing
constraints prevent intertemporal smoothing. Changes in interest rates therefore do not affect
consumption through substitution between present and future consumption. The net interest
rate exposure channel remains active because interest rate changes alter debt servicing costs.
Poor HtM households rely on unsecured borrowing b, so interest rate increases raise repayment
obligations directly. Wealthy HtM households may additionally hold variable-rate debt ¢;, which
increases their exposure to interest rate fluctuations.

The income channel matters greatly, since all income is consumed immediately and any
change in employment or wages therefore translates almost one-for-one into consumption. The
Fisher channel reflects the effect of inflation on the currently maturing share of nominal debt
6"™m; and, since HtM households tend to be net borrowers, higher inflation reduces the real
burden of their liabilities and increases disposable resources. Finally, only wealthy HtM can
benefit from the capital gains channel through illiquid assets — higher ¢k; raises collateral value
and relaxes borrowing limits. Even then, the response is limited to the fraction A of households
able to translate capital gains into higher spending and by the collateral constraint 6.

dey =-b * dr
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3 Household Heterogeneity

This section analyzes the household heterogeneity that underpins our empirical work. We first
introduce the balance-sheet-based classification of poor and wealthy HtM households following
Kaplan et al. (2014). We subsequently report estimated HtM shares in the Czech economy.
Finally, we present wealth holdings of identified household groups, which serve as exposures for

the consumption response decomposition. Table 1 summarizes the key results.



3.1 Household Classification

The classification of households into HtM groups is motivated by a long line of research showing
that heterogeneity in liquidity, wealth composition, and access to credit fundamentally alters
consumption behavior and thus the transmission of macroeconomic policy. Since the seminal
evidence of Campbell & Mankiw (1989) on so-called rule-of-thumb (we prefer the label HtM)
consumers, a broad literature has documented that a sizeable share of households exhibit high
MPCs and consume largely out of current income rather than intertemporally smoothing con-
sumption. Classic incomplete-markets models (e.g. Aiyagari, 1994; Huggett, 1996) captured this
behavior through liquidity constraints, but implied that only a very small fraction of agents be-
haved according to the rule of thumb. A major breakthrough came with Kaplan et al. (2014);
Kaplan & Violante (2014), who demonstrated that many households live HtM despite holding
substantial illiquid wealth. This insight — distinguishing poor from wealthy HtM households —
showed that the prevalence of high-MPC agents is much larger than previously assumed and
highly relevant for understanding monetary policy channels, redistribution, and aggregate con-
sumption dynamics. Therefore, identifying households’ HtM status is a crucial step in any
empirical decomposition of heterogeneous consumption responses.

The HtM status is based on the data from the fourth wave of the HFCS data.! Following
Kaplan et al. (2014), we make use of the fact that the HFCS reports asset balances as average
holdings over the pay period. This is crucial, since in case a household receives its monthly
income at the beginning of the month, this income temporarily inflates its net liquid wealth
balance before being gradually spent. Under the assumption of roughly even consumption
within the pay cycle, the midpoint of the cycle corresponds to net liquid wealth lower than the
beginning-of-month level by approximately half of monthly income. Thus, a household with net
liquid wealth below this level lacks sufficient liquid resources to smooth consumption even over
a single pay period.

A household is therefore classified as HtM when its net liquid wealth are insufficient relative to
monthly income. We distinguish two cases depending on whether net liquid wealth is positive or
negative. In the latter case, the credit limit affects the feasible smoothing threshold.? Household
is considered HtM when one of the following conditions is satisfied:

monthly income

net liquid wealth > 0 A net liquid wealth <

(7)

monthly income
2

net liquid wealth <0 A net liquid wealth < — credit limit (8)

Within the HtM households, we distinguish poor and wealthy HtM based on their net illiquid
wealth balance and, following Slacalek et al. (2020), an indicator of holding some real estate
property or self-employed business wealth. Therefore, the household is classified as wealthy HtM

in case one of the following conditions is satisfied:

is HHM A net illiquid wealth > 0 9)

is HHM A net liquid wealth <0 A  real estate / business wealth = 1 (10)

'The particular definitions of wealth components in our data is provided in Section A.1.
2In line with the literature (e.g. Kaplan et al., 2014; Slacalek et al., 2020), we assume credit limit (CL) equal
to monthly income.



All remaining HtM households, i.e. those with negligible or no net illiquid wealth, are
classified as poor HtM. This distinction follows the core insight of Kaplan et al. (2014) that
many households behave as if they were pursuing the hand-to-mouth strategy not because they
are poor, but because their wealth is locked in illiquid forms.

Since the HtM households tend to be on the left tail of the income and wealth distributions,
we are naturally interested in the magnitude and channel composition differences of the con-
sumption response also for the richest households. For this purpose, we create an additional
fourth group, denoted as the Top 10, which contains slightly above the 10% wealthiest non-HtM
households in our sample. Figure 2b supports this choice by indicating that such cases shall
be relatively rare, since only 3% households in the wealthiest quintile are HtM. We define the
top 15% wealthiest (by the net wealth, excluding public and occupational pensions, variable
dn3001) as Top 10, which translates to 12-13% of total households. Importantly, we consider
these households to be structurally similar to the non-HtM, since they are able to smooth con-
sumption. Thus, the analytical decomposition and calibration values are identical for these two

groups, only the exposure and wealth composition differs.

3.2 Hand-to-Mouth Shares

The share of HtM households in our sample of Czech population is 18.6%. This figure is sig-
nificantly smaller than the share estimated by other researchers. For instance, as mentioned in
Brazdik et al. (2020), the CNB assumes that 30% of consumers are non-Ricardian in their core
forecasting model, a calibration consistent with Palas (2017). We attribute part of this difference
to the fact that the HFCS is to some degree subject to a coverage bias, since individuals living in
homelessness, social care facilities, or hostels are not being surveyed. We comment more on the
sample in Section A.1. However, the methodological difference likely explains most of the spread
(Havrének & Sokolovd, 2020). We recognize the concern that approximating net income may
have distorted our HtM share estimation. However, sensitivity analysis of the approximated tax
amount indicates robustness of our findings. Alternatively, the use of gross income (in line with
Kaplan et al., 2014) leads to 19.9% share of HtM households.

Only 3.5% of households have been classified as poor HtM, while wealthy HtM make up
15.1% of the total, as depicted in Figure 1a. Larger share of wealthy HtM households is expected,
since the home ownership rate? is high in the Czech Republic (78.3%) relative to the European
Union (EU) (69.9%). Poor and wealthy HtM shares per age group Figure 1b exhibit peculiar
pattern. While we would expect a U shape driven by the regularity of productive age and
retirement, we observe small peaks in the mid-age groups. One possible explanation might
be the generational differences connected to the fall of socialism and following privatization of
property in the Czech Republic. Plots in Figure 2 demonstrate that HtM status should not be
approximated by income or wealth quintiles, since even the richest are often classified as HtM.

Nonetheless, estimated shares are highly sensitive to the definition of wealth components,
particularly the net liquid wealth and net illiquid wealth — alternative specifications yield HtM
shares that range from 15.4% to 23.4%, while the split between poor and wealthy HtM also
varies greatly. In the rest of our analysis, we stick to the results of our carefully defined baseline
estimation, but we would like to highlight the instability of HtM share estimates which might
potentially affect our results. On top of that, we consider our estimated share to be on the

3Eurostat, online data code ilc_1vho02.



Figure 1: Share of HtM households, percent

(a) Share of HtM households

Share of hand-to-mouth households
percentages over total population

(b) Share of HtM households by age
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Figure 2: Share of HtM Households, percent
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conservative side, especially due to the nature of the applied method.*

3.3 Household Exposures

Given the classification, the variables of net liquid wealth, net illiquid wealth, net interest
rate exposure, net nominal position, housing, and stock market wealth are calculated for each
household in the HFCS data and aggregated on the level of groups. Details on how these
measures are defined are available in Section A.1.

The median non-HtM household owns EUR 4,100 in net liquid wealth, which enables them to
smooth consumption over time. For the Top 10 households, this reaches EUR 16,500. Conversely,
the median HtM household owns very few liquid assets, which implies their larger MPCs, and
the decomposition of mean net liquid wealth shows non-negligible dependence on unsecured
borrowing. The net illiquid wealth holdings of wealthy HtM reach a median of EUR 54,000,
a significant figure even relative to the EUR 83,800 median of non-HtM households. The Top
10 group holdings are much larger at EUR 330,200. From the decomposition of the mean net
illiquid wealth by the HtM group in Figure 4b, it is apparent that a large portion of the difference
can be attributed to the value of other real estate properties in the hands of the Top 10.

As depicted on Figure 5a, the mean® net interest rate exposure effect of both HtM groups
is negative, reaching values of EUR -5,100 and EUR -1,400 for poor and wealthy HtM, respec-
tively. These groups hold very little maturing assets, while their non-mortgage debt holdings are
substantial. Since no households in our sample have adjustable rate mortgage, the exposure of
wealthy HtM is less negative than that of poor HtM. The strong prevalence of fixed-rate mort-
gages is a relatively unique feature of Czech mortgage market compared to other EU economies.
The difference between poor and wealthy HtM is driven by positive contribution of deposits and
money owed to households for wealthy HtM, as shown in Figure 6a. On the other hand, the
non-HtM households’ exposure is positive and relatively large, on average EUR 12,000. Most
exposed to the changes in interest rate are Top 10 households, with exposure reaching EUR
40,000. The main driving force in this direction are deposits, the contribution of savings is
also non-negligible. Hence, monetary tightening would have negative (positive) effect on HtM
(non-HtM) households’ disposable income and vice versa for monetary easing. Interestingly, in
countries analysed by Slacalek et al. (2020), the exposure of wealthy HtM households is more
negative — even to a degree that the vulnerability of wealthy HtM is in magnitude (but with an
opposite sign) comparable to that of non-HtM.

Mean net nominal positions of Czech households are presented in Figure 5b. Both the
poor and wealthy HtM are reaching on average below EUR -4,000, but the Figure 6b shows
stark differences in decomposition of this number. Wealthy HtM hold large amount of HMR
mortgage debt, which, nevertheless, is compensated by the money owed to households, thus for
both HtM groups, the final net nominal position is determined primarily by non-private non-
collateralised loan amount. For the non-HtM households, the positive financial asset holdings
(especially deposits) outweigh their liabilities despite a substantial mortgage debt, leading to
positive inflation exposure of EUR 3,300, and EUR 26,900 for the Top 10. Monetary tightening is
connected to a fall in the price level (or its slower growth), leading to positive effect on disposable

4Using the workhorse method of Kaplan et al. (2014), households with very low net liquid wealth holdings,
who make up large share of the total population, are classified as non-HtM despite their limited ability to smooth
consumption.

5Mean values are reported since we later plug them into the decomposition.

11



Figure 3: NLW and NIW, median, EUR thousands

(a) Net liquid wealth (NLW) (b) Net illiquid wealth (NIW)
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Figure 4: NLW and NIW decomposition, mean, EUR thousands
(a) Net liquid wealth (NLW) (b) Net illiquid wealth (NIW)
Net liquid wealth decomposition Net illiquid wealth decomposition
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Source: HFCS wave 4. Country: CZ. Source: HFCS wave 4. Country: CZ.

Source: HFCS wave 4. Note: cash cash; da_pensionOccup current value of occupational pension plans; DA1110 value
of the household main residence (HMR) for homeowners; DA1120 value of other real estate property; DA1140 value of
self-employment business; DA21011 deposits on sight accounts; DA21012 deposits on saving accounts; DA2102 mutual funds;
DA2103 bonds; DA2105 shares; DA2106 managed accounts; DA2107 money owed to households; DA2108 other assets; DA2109 vol-
untary pension / whole life insurance; dl_unsecuredIl and dl_unsecuredLiq sum of non-collateralised loans with (il)liquid
first choice purpose; DL1110 outstanding balance of mortgage debt on HMR; DL1120 outstanding balance of mortgage debt
on other properties; DL1210 credit line / overdraft; DL1220 credit card debt.
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Figure 5: NIE and NNP, mean, EUR thousands

(a) Net interest rate exposures (NIE) (b) Net nominal positions (NNP)
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Figure 6: NIE and NNP decomposition, mean, EUR thousands
(a) Net interest rate exposures (NIE) (b) Net nominal positions (NNP)
Net interest rate exposures decomposition Net nominal positions decomposition
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Source: HFCS wave 4. Note: DA2101 deposits; DA2102 mutual funds; DA2103 bonds; DA2105 shares; DA2106 managed
accounts; DA2107 money owed to households; DA2108 other assets; DA2109 voluntary pension / whole life insurance; DL1110
outstanding balance of mortgage debt on HMR; DL1120 outstanding balance of mortgage debt on other properties; DL1110a
outstanding balance of adjustable rate mortgage on HMR; DL1120a outstanding balance of adjustable rate mortgage on other
properties; DL1210 credit line / overdraft; DL1220 credit card debt; DL1231 debt in private loans; DL1232 debt in non-private
loans; savings the flow of saving.
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Figure 7: Housing and stock market wealth, mean, EUR thousands

(a) Housing wealth (b) Stock market wealth
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Source: HFCS wave 4.

income and consumption of non-HtM households, while HtM households would benefit from
monetary easing through lower present value of their debt. Inflation exposures (i.e. net nominal
position) calculated by Slacalek et al. (2020) differ mostly for the wealthy HtM group, whose
negative positions are less extreme in Czech economy in comparison to the selected countries.

Figure 7a highlights the significant housing wealth holdings of wealthy HtM households. The
average value of EUR 80,000 — very close to the non-HtM households’ EUR 86,500 — suggests
non-negligible importance of the capital gains channel’s housing wealth branch in monetary
transmission even for (wealthy) HtM households. The Top 10 hold on average EUR 379,200 in
housing wealth. These results are in line with what Slacalek et al. (2020) have estimated for
euro area countries, despite notably lower, possibly due to price level differences.

The HtM households own virtually no stocks, and value of stocks owned by the non-HtM
averages below EUR 1,000 (EUR 239), implying lower significance of stock market wealth for
the capital gains channel. This low average value can be partially attributed to the fact that less
than 4% of households in our sample possess any stocks at all, which is supported by the average
holdings of EUR 3,000 at hands of the Top 10. Hence, our results confirm that Czech households
own very little stock market wealth, even in comparison to other European economies. This
may reflect a combination of persistently low financial literacy, limited trust in capital markets,

and a preference for safer and more tangible assets such as real estate.

4 Empirical Inputs

4.1 Calibration

For the analysis of consumption responses, the value of the MPC constitutes the key calibration

input. The analytical decomposition presented above requires MPCs out of transitory income

14



Table 1: Summary of HtM shares and household exposures

HtM status
variable poor HtM  wealthy HtM non-HtM Top 10
Household classification (percent)
population shares 3.5 15.1 69.2 12.2
Household exposures (EUR thousands)
(b + 1y — ¢;) + 68 By — 6% -5.1 -1.4 12.0 40.0
me -5.1 -4.3 3.3 26.9
qk; housing 80.0 86.5 379.2
qk; stock market 0.2 3.0

shocks and shocks to housing and stock market wealth, separately for each of the three HtM
groups. We adopt the benchmark estimates reported by Slacalek et al. (2020) for transitory
income and stock market wealth. Specifically, the MPC out of transitory income is set to 0.05
for non-HtM households and 0.50 for HtM households, while the MPC out of stock market
wealth equals 0.01 and 0.07 for non-HtM (and Top 10) and HtM households, respectively. The
calibration of the MPC out of housing wealth in the Czech context requires a more cautious
treatment. Empirical evidence suggests that housing wealth effects are substantially stronger
in economies with active home equity extraction and flexible refinancing markets, such as the
United States (US) (e.g. Case et al., 2005; Mian et al., 2013). By contrast, euro area evidence
points to smaller and more heterogeneous effects, reflecting institutional differences in mort-
gage markets and collateral constraints (e.g. Christelis et al., 2015). For the Czech Republic,
Bruha et al. (2017) find no clear evidence that house price growth stimulates consumption, and
homeowners exhibit persistently higher saving rates than renters. This muted transmission is
consistent with the dominance of owner-occupied HMRs in household portfolios and conserva-
tive lending standards (Miinich & Soltés, 2026). In light of this evidence and the absence of
credible country-specific estimates, we adopt a conservative baseline calibration and scale down
the benchmark housing wealth MPCs from Slacalek et al. (2020) by a factor of ten, yielding
values of 0.001 for non-HtM (and Top 10) households and 0.007 for HtM households. While the
absence of Czech-specific evidence represents a limitation, we view these values as a reasonable
starting point.

Intertemporal elasticity of substitution feeds into the intertemporal substitution channel of
non-HtM and Top 10 households. We again stick to the values used by Slacalek et al. (2020),
who take them from extensive work of Havranek et al. (2015) and Havrének (2015), setting the
elasticity % to 0.5.

We derive the share of total consumption on income and the consumption share of non-
durables. We get the ratio estimates by combining aggregate saving rate and aggregate durables
consumption share with HFCS income shares. Following the approach of Slacalek et al. (2020),
we take the 19.6% aggregate saving rate prevalent in the Czech economy, and the HFCS-implied
income shares of HtM, non-HtM plus Top 10 — 15.2% and 84.8%, respectively. Hence, the con-
sumption rate of non-HtM and Top 10 households is 76.9%.% The aggregate share of nondurables

SWe want the difference between the non-HtM and Top 10 groups to be based purely on the wealth holdings
and exposures, not on structural features, since we have limited knowledge about those. Moreover, main objective
of this study are not the households on the top of the wealth distribution, although we want to introduce some
level of differentiation.
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consumption is 92.0%, therefore for non-HtM and Top 10 nondurables consumption share on
income we get 70.8%. For HtM households, nondurables consumption share on income equals
the aggregate share of nondurables consumption, 92.0%.

4.2 Elasticities of Household Earnings to Aggregate Employment

Heterogeneity in the income channel of monetary policy is captured by the elasticity €,y . Es-
timating this measure requires data with a time-varying dimension, which is unavailable in the
HFCS. We utilize EU-LFS for its sample size and long historical coverage (details provided in
Section A.2). However, since the EU-LFS lacks detailed household balance sheet information,
it does not allow direct identification of HtM households. We impute HtM status from the
HFCS based on the reference person’s personal characteristics, using a Mincer-style regression.
Following Slacalek et al. (2020), we approximate earnings by employment status and estimate
the elasticity of HtM groups’ employment to the aggregate employment in two steps.

First, we estimate the probability coefficients in the HFCS dataset and transfer them to the
EU-LFS dataset. We construct three models, the first estimates the probability of being classified
as HtM while the second (and third) estimate the conditional probability of being classified
as poor HtM (Top 10), given that the household is HtM (non-HtM). Model specification is
particularly challenging due to the relatively large set of potential explanatory variables (i.e.
personal characteristics of the household reference persons) available in the HFCS data combined
with the small sample size.

The estimated coefficients are transferred to the EU-LFS data together with the shares of
household groups from the HFCS. The respective probabilities of being HtM or poor HtM
for each household are calculated using these coefficients. The initial shares serve as targets
we want to achieve in the EU-LFS to ensure comparable representation of each group within
every quarter, hence we use them for definition of the probability cutoff points. Next, the
sample is reduced to households with reference persons in productive age and the aggregate
employment in the sample is calculated. We proceed by estimating the elasticity ~ of reference
person employment (e;;) to the aggregate employment (E;) for each of the HtM groups (h) while
controlling for a linear time trend. The model formula is provided in Equation 11 below.

eit(h) = Bo(h) + Br(h)t +y(h) By + €t (11)

To obtain the imputation coefficients, the standard approach in the literature is to resort
to the probit model with age, education, marital status, and gender as the explanatory vari-
ables, without additional survey weights (Slacalek et al., 2020). The specification is outlined
in Equation 12,” where the function ®(-) represents the cumulative distribution function of
the standard normal distribution (in the case of the probit model) and the index i denotes an
individual reference person in the dataset.

prob(statushtm;) = <I>(ﬂo—l—,@lagei—i-ﬂgage2i—}-ﬁgtert,edui+ﬁ4marriedi+B5femalei+ei) (12)

After transferring the coefficients into the EU-LFS data and imputing the HtM status,
the estimated normalized elasticities are 3.37 for the poor HtM, 1.55 for the wealthy HtM,

"This equation reports the unweighted probit benchmark, the final imputation relies on the weighted LASSO
specification in Equation 13.
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1.03 for the non-HtM and only 0.27 for the Top 10. This is in line both with the results
of Slacalek et al. (2020) and the theory, which suggests that the elasticity should be higher
for poor HtM households and lower for the non-HtM, reflecting their respective sensitivities
to aggregate shocks. This theoretical expectation is further supported by studies documenting
decreasing elasticities of household income with increasing income percentiles (Alves et al., 2020;
Dossche & Hartwig, 2019; Broer et al., 2019). However, these estimates proved unstable and
suffered from low predictive and explanatory performance (McFadden’s pseudo-R?, area under
the curve (AUC) and Brier score) and, most importantly, by omission of survey weights that are
necessary to achieve design-consistent population inference with the HtM status imputation.

To improve imputation, we reestimated the model with household weights and a richer
set of personal characteristics, such as permanency of employment, self-employment status,
weekly hours worked, sector of occupation and job description (details on their construction
are provided in Section A.1l). Given the relatively small HFCS sample and the large number
of potential predictors and to account for model uncertainty and the risk of overfitting, we rely
on LASSO regression.” The penalty parameter was selected via 10-fold cross-validation and
estimating the final specification using weighted logistic regression (glmnet). To limit sparsity
problems in categorical regressors, we merge neighbouring occupation sectors, reducing the
number of sectoral dummies from 21 to 11. The estimated model corresponds to Equation 13.
The function ®(-) now represents the cumulative distribution function of the logistic function
(for the LASSO logit model). Index i denotes an individual reference person in the dataset,
index j € {0,1,2,3,4,5,6,8,9} corresponds to job description dummy variables (where job7
is omitted as the reference job description), and index s € {1,2,4,5,6,7,8,9,10,11} represents
sectoral dummy variables (with sec3 serving as the reference sector).

prob(statushtm;) = ® (ﬂo + Biage; + Prage2; + Patert_edu; + [fymarried;
+ Bsfemale; 4 Bgselfempl; + [rperm, + Sghwusual; (13)
+ Z Bg+jj0bj + Z B1s+ssecs + 6,‘)
i s

The LASSO delivers stable and non-failing estimates when working with the survey weights.
For the unconditional HtM probability, the model achieves McFadden’s pseudo-R? of 0.077,
AUC of 0.691 and Brier score of 0.141 (relative to a baseline Brier score of 0.151 for prevalence
18.6%). For the conditional poor HtM model, pseudo-R? is 0.111, AUC 0.743 and Brier score
0.120 (baseline 0.153); for the Top 10 model, pseudo-R? equals 0.147, AUC 0.770 and Brier score
0.093 (baseline 0.128).

After transferring the coefficients to the EU-LFS and estimating Equation 11, the normal-
ized elasticities amount to 4.17 for poor HtM, 4.00 for wealthy HtM, 0.59 for non-HtM, and are
statistically indistinguishable from zero!'® for the Top 10 (see Figure 8). We view these results
as economically intuitive (and in line with abovementioned evidence) and use these estimates

8Slacalek et al. (2020) do not comment on the predictive and explanatory power of models, statistical signif-
icance of the coefficients or reason for exclusion of weights in the regressions. As a result, we cannot determine
whether these problems are specific to our implementation or reflect limitations present but undocumented in the
original analysis.

9The Bayesian model averaging (BMA) alternative proved numerically unstable in our setting.

10T his result is consistent with the expectation that households at the top of the wealth distribution are least
exposed to aggregate employment fluctuations. But the limited within-group variation and small effective sample
size likely reduce statistical power in this segment.
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in the baseline decomposition. Nevertheless, the modest predictive performance of the impu-
tation models warrants caution, as the selected characteristics of a reference person might not
be sufficiently indicative of the household’s HtM status and the limited sample size may con-
strain precision. To preserve the strict empirical consistency of our analysis, we assume unitary

elasticities for all HtM households in a dedicated robustness exercise.

Figure 8: Elasticities of Household Employment to Aggregate

Elasticity of Individual Employment to Aggregate
by Hand-to-Mouth Status

Normalized Elasticity Estimate

Poor HtM Wealthy HtM Non-HtM Top 10

B roor HtM Wealthy HtM Non-HtM [l Top 10
Source: EU-LFS, 2011-2023. Country: CZ.

Source: EU-LFS 2011-2023. Note: Columns depict confidence intervals of the estimates.

4.3 Aggregate Effects of Monetary Policy Shocks

This subsection outlines the empirical framework used to estimate the aggregate responses to
monetary policy shocks which serve both as direct inputs into the decomposition and as an em-
pirical benchmark against which the implied HANK consumption response can be evaluated. We
are interested in impulse responses of macroeconomic variables at the monetary policy horizon
associated with -100 basis points (bps) easing in the two-week repo policy rate, approximated
by the 3-month Prague Interbank Offered Rate (PRIBOR).

In an inflation-targeting framework, monetary policy is conducted to ensure that inflation
returns to target over a medium-term horizon. For the CNB, this horizon corresponds approxi-
mately to 4 to 6 quarters ahead, as emphasized in its communication and forecasting framework.
To align the empirical analysis with this institutional horizon, we summarize impulse responses
by averaging them over quarters h = 4 to h = 6. This corresponds to the horizon at which
policy is intended to exert its main macroeconomic effects and reduces sensitivity to sampling
variability at a single point in time. For the policy rate proxy, we report the average impulse re-
sponse from impact to the fifth quarter, h = 0 to h = 5. The average impulse response captures
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the change in the expected path of short-term interest rates rather than only the impact effect.
Since intertemporal decisions depend on the entire expected rate path, this measure provides a
reduced-form proxy for the change in the policy stance.

We estimate impulse responses for six macroeconomic variables: 3-month PRIBOR, mon-
etary policy-relevant inflation, log real wage bill, log the real estate price index, log the stock
price index, and the log real nondurables consumption. Identification of monetary policy shocks
relies on the high-frequency framework developed by Franta (2026), which decomposes market
reactions around CNB policy announcements into monetary policy shocks and central bank infor-
mation shocks using joint movements in short-term interest-rate expectations and the CZK/EUR
exchange rate. Data sources and transformations are described in Section A.3.

To estimate impulse responses, we resort to local projections (LPs) (Jorda, 2005). As em-
phasized by Montiel Olea et al. (2025), LPs and vector autoregressions (VARSs) recover the same
object under equivalent identifying assumptions, but diverge in finite samples, as LPs tend to ex-
hibit lower bias, at the cost of higher variance, and yield more robust inference when persistence
or nonstationarity is present — features relevant in our data. To further improve efficiency, we
employ the SLP of Barnichon & Brownlees (2019), which impose a smoothness restriction across
horizons by shrinking impulse responses toward a low-order polynomial. This substantially in-
creases the estimation precision relative to classical LPs while preserving their flexibility, making
SLP particularly suitable for our moderately short and structurally heterogeneous sample.

In the baseline specification, we estimate SLP on quarterly data spanning from Q1 of 2008 to
Q4 of 2019 with impulse responses (IRs) computed for horizons from h = 0 to h = 12. We delib-
erately cut the sample prior to the coronavirus (COVID-19) pandemic due to the post-pandemic
inflation surge and the associated aggressive monetary tightening cycle. During this period,
inflation was largely driven by supply-side and energy-related disturbances occurring simulta-
neously with historically unprecedented increases in policy rates. In a reduced-form framework,
such overlap complicates the separation of exogenous monetary policy shocks from endogenous
policy responses to inflationary pressures and can mechanically induce price-puzzle dynamics.
Restricting the sample to the pre-pandemic period, therefore, improves the interpretability and
stability of the estimated transmission mechanism.

Both the dependent variable and the monetary policy shock enter contemporaneously and
with one lag. The parsimonious lag specification reflects the relatively short sample and the
direct-projection nature of the LP framework, where excessive lag augmentation might increase
estimation uncertainty. We refrain from using additional controls and instead rely on the exo-
geneity of the identified shock, which stems from its construction using narrow-window surprises
around CNB policy announcements. All responses are scaled such that the impact effect of the
monetary policy shock on the 3-month PRIBOR corresponds to a —100 bps easing. We im-
plement SLP with a second-order polynomial and smoothing parameter A = 1, which balances
flexibility and variance reduction. Inference is conducted using Newey-West standard errors with
horizon-dependent truncation. To assess robustness, we report results for alternative smoothing
intensities and for the non-smoothed LP estimator. Given the moderate sample length and the
structural heterogeneity of the period considered, we view such sensitivity analysis as informa-
tive rather than optional, ensuring that our conclusions are not driven by a particular degree of
imposed smoothness.

The resulting impulse response functions are visualised in Figure 9. The scaling factor
required to obtain a —100 bps easing equals 15.47, implying that the identified high-frequency
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Figure 9: IRs to -100 bps monetary policy shock from SLP
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Source: Authors’ calculations. Note: pribor 3-month PRIBOR interest rate; mpinfl monetary
policy-relevant inflation; wbill_real_log log of wage bill; hpind_log log of real estate price index;
psz_log log of Prague Stock Ezchange index; ndcons_real_log log of mondurables consumption.
The dark (light) confidence bands represent the 68% (90%) credible intervals.
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shock has a relatively small contemporaneous impact on the 3-month PRIBOR. Focusing on
the monetary policy horizon, the average policy-rate response equals 0.06 percentage point (pp),
indicating that the identified easing is short-lived and subsequently reverses as the policy rate
gradually returns above baseline. Over the horizons h = 4 to h = 6, monetary policy-relevant
inflation increases by 1.47 pp, consistent with standard transmission. Real activity responds
positively: real nondurables consumption rises by 1.19% and real wage bill by 1.09%. Asset
prices react strongly as real house prices increase by 6.81%, while stock prices rise by 16.44% and
exhibit particularly pronounced dynamics relative to the remaining macroeconomic variables.
Overall, the pattern of responses is economically intuitive: monetary easing lowers short-term
rates on impact, stimulates real activity and asset prices, and is associated with gradually rising
inflation at the monetary policy horizon.

The confidence bands are generally quite wide and do not exclude zero for most key variables
at the horizons of interest, with the exception of stock prices. Around the monetary policy hori-
zon, the responses of nondurables consumption and the real wage bill gradually revert toward
baseline despite the policy-rate response already having turned positive at earlier horizons. This
delayed adjustment likely reflects the persistence of transmission through income, balance-sheet,
and demand channels, which continue to affect real activity even after short-term rates begin to
normalize. Importantly, these turning points are smooth and qualitatively stable across alter-
native smoothing specifications, suggesting that they reflect the estimated economic dynamics
rather than numerical instability or excessive sensitivity of the estimator.

Robustness checks (see Figure 11) using alternative smoothing parameters (A = 0.1 and
A = 10) and the non-smoothed LP estimator confirm that the main conclusions are not driven
by the specific choice of A. The smoothed specification primarily reduces high-frequency noise
and eliminates oscillations present in the non-smoothed estimates, without altering the overall
transmission pattern or the magnitude of responses.

5 Results: Consumption Response Decomposition

In this section, we combine inputs into the consumption decomposition, report the decompo-
sition results by household type and channel and compare the implied HANK response with
a RANK benchmark and the SLP estimated response. First, we present the decomposition of
the consumption response to a monetary policy shock for all HtM groups separately and for
the total population. We begin with the baseline simulation based on the inputs from Table 1
and Table 2, followed by a comparison of the consumption response simulated by the SLP with
the one implied by a RANK framework and a HANK extension. In order to demonstrate the
input-sensitivity of our model, we examine alternative specifications that either: do not separate
the Top 10 group of wealthiest households; assume lower MPCs from housing wealth; or use
unitary employment elasticities. We then relate our findings to the results of Slacalek et al.
(2020) and discuss how differences in household balance sheets, institutional settings and cali-
bration assumptions shape the strength and composition of monetary policy transmission across

European countries.
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Table 2: Summary of empirical inputs

HtM status
variable poor HtM  wealthy HtM non-HtM Topl0
Marginal propensities to consume
W out of transitory income 0.50 0.50 0.05 0.05
u out of housing wealth 0.007 0.001 0.001
w out of stock market wealth 0.07 0.01 0.01
Intertemporal elasticity of substitution
s 050  0.50

Implied consumption-income ratios (percent)
c 76.9 76.9
Cnd 92.0 92.0 70.8 70.8

Sensitivity of household employment to aggregate employment

€uy 417 4.00 059  0.00
aggregate

SLP impulse responses

initial policy rate change (pp) -1.00

policy rate change at horizon (pp) 0.06

inflation (pp) 1.47

earnings (percent) 1.09

house prices (percent) 6.81

stock prices (percent) 16.44

5.1 Baseline Specification

In Figure 10a substantial heterogeneity in both the magnitude and composition of the responses
is apparent across groups. Among non-HtM households, the bulk of the response is driven by
the intertemporal substitution channel. In contrast, for poor HtM households, the response is
dominated almost entirely by the income channel, reflecting their high MPCs and current income
dependency. Wealthy HtM households also react primarily through the income channel, although
the housing-related capital gains channel provides a noticeable additional contribution due to
substantial housing wealth holdings. A similar pattern is present for the Top 10 group, where
large real estate exposures also support the housing wealth channel despite the conservative
calibration of housing wealth MPCs. The remaining channels are quantitatively small across all
household groups. Net interest exposure and Fisher effects contribute only marginally, reflecting
the relatively limited balance sheet exposure among Czech households. Stock market wealth
effects are likewise negligible, as direct equity holdings are concentrated among a small fraction
of households. Overall, we estimate that slightly less than 50% of the aggregate consumption
response is attributed to the direct channels. On the other hand, the income channel constitutes
the dominant indirect transmission mechanism, while housing-related capital gains provide a
non-negligible supplementary contribution, particularly through the wealthy HtM and Top 10
households.

Given that nondurables consumption is explicitly included among our SLP variables, we
are able to benchmark the HANK-implied response against the empirical SLP-based response.
We are particularly interested in whether the inclusion of heterogeneous channels on top of the
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Figure 10: Baseline specification results
(a) Effects of -100 bps monetary policy shock on consumption
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RANK! framework helps the response get close to the empirical benchmark from SLP. As shown
in Figure 10b, the amplification from HANK relative to RANK is sizeable — while the RANK
model accounts for a modest 0.5% increase in consumption, the HANK response raises it to more
than 1.1%. The SLP-estimated response in the second column indicates consumption increase
to 1.2%. This exercise suggests that the HANK framework significantly improves the empirical
fit of the decomposition framework compared to RANK and brings the simulated response close
to the benchmark. At the same time, this close correspondence should not be interpreted as
evidence that the decomposition fully captures the transmission mechanism. The analytical
framework remains partial in nature, as it treats the monetary shock as transitory, abstracts
from precautionary saving, and does not incorporate general equilibrium feedback. By contrast,
the SLP-based impulse responses reflect the full dynamic propagation of the shock, including
expectation revisions, policy persistence, and equilibrium price adjustments. The remaining dis-
crepancy therefore likely reflects both calibration uncertainty and structural differences between

the decomposition framework and the reduced-form empirical impulse responses.

5.2 Alternative Specifications

In this subsection, we assess the robustness of the baseline decomposition along three dimen-
sions: the treatment of the Top 10 wealthiest households; the calibration of MPCs out of hous-
ing wealth; and the magnitude of employment elasticities assigned to household groups. The
corresponding figures are reported in Figure 12, while alternative inputs are summarized in
Appendix B.

The baseline specification distinguishes the Top 10 wealthiest households from the rest of
non-HtM households. This choice is motivated by the substantial differences in balance sheet
structure documented in Section 3.3. In particular, net interest rate exposure, net nominal po-
sition or housing and stock market wealth holdings differ markedly along the upper tail of the
wealth distribution.!? At the same time, our structural calibration (notably MPCs, intertempo-
ral elasticity of substitution and consumption-income ratios) is imposed in line with the broader
non-HtM category. This setting raises the question how strongly the additional split materially
affects the results. To address this, we recompute the decomposition without isolating the Top 10
group. By construction, exposures and wealth components are weighted averages of the original
non-HtM and Top 10 groups. Given that the structural parameters are applied uniformly, the
implied consumption response corresponds to the same weighted average. Consistent with this
logic, the aggregate response remains virtually unchanged (see Figure 12b), although the change
in elasticities causes slight departure. The most visible difference emerges in the housing-related
capital gains channel of the non-HtM group, whose strength adjusts mechanically to the new
average exposure. This exercise documents that the overall amplification in the baseline is not
an artefact of isolating the Top 10 group. At the same time, the reported heterogeneity in ex-
posures suggests that a fully structural treatment of the upper tail would require group-specific
calibration of behavioral parameters. In the absence of such calibration, the split primarily
improves transparency rather than driving the aggregate result. This finding should not be
interpreted as evidence that the upper tail is irrelevant. Rather, it shows that separating the

Top 10 group mainly improves the economic interpretation of the transmission mechanism by

11n Auclert (2019)-type decomposition, RANK corresponds to intertemporal substitution channel only.
12For some components, such as housing wealth, the average non-HtM household is closer to wealthy HtM than
to the Top 10, underscoring that the right tail is not well represented by a single non-HtM category.
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revealing how much of the housing-wealth and balance-sheet exposure is concentrated among
the wealthiest households.

As a robustness exercise, we also report results using the original housing wealth MPCs
from Slacalek et al. (2020) (see Section B.2). The resulting responses are shown in Figure 12c.
Relative to the conservative baseline calibration, capital gains on housing wealth become a size-
able fraction of the total consumption response and substantially amplify aggregate dynamics.
The difference between non-HtM and Top 10 households widens considerably and is increasingly
driven by the capital gains channel rather than net interest rate exposure. The aggregate con-
sumption response also almost doubles, reflecting the stronger indirect amplification through
housing wealth. These results highlight that the quantitative strength of the HANK amplifica-
tion mechanism in the Czech context depends critically on the assumed magnitude of housing
wealth effects. At the same time, reporting the benchmark calibration facilitates comparison
with the results of Slacalek et al. (2020) and the broader international literature.

The baseline calibration of employment elasticities for HtM households relies on the imputa-
tion procedure discussed in Section 4.2. As documented there, the predictive performance of the
imputation models is limited and sensitive to specification choices. To assess the quantitative
importance of this uncertainty, we replace the estimated elasticities with unitary values for all
HtM households, thereby removing cross-group heterogeneity in labour income responses. The
resulting decomposition is reported in Figure 12d. The response of HtM households dramati-
cally decreases, as the income channel is weaker relative to the baseline calibration and drops in
magnitude close to the net interest rate exposure or Fisher channels. The Top 10 group displays
a marginally stronger response, reflecting the reallocation of income effects across groups. How-
ever, the aggregate consumption response declines as well — consequence of smaller MPC out
of transitory income combined with elasticity change. This exercise suggests that uncertainty
surrounding group-specific employment elasticities does not materially alter the aggregate im-
plications of the model, but it does significantly affect the internal composition of the response

across HtM categories.

5.3 Cross-Country Comparison

Relative to the cross-country results of Slacalek et al. (2020), the Czech decomposition appears
closest to the Southern European economies, particularly Spain and Italy. The overall prevalence
of HtM households in the Czech Republic is comparable to Spain, while the composition of the
consumption response resembles Italy through the dominant role of the labour income channel for
both poor and wealthy HtM households. At the same time, the magnitude of the Czech income
channel is even stronger than in the euro area countries considered by Slacalek et al. (2020),
reflecting substantially larger estimated employment elasticities of Czech HtM households. In
this respect, Spain again represents the closest benchmark, as it is the country where Slacalek
et al. (2020) document the strongest employment and earnings sensitivity of this group.

The remaining transmission channels are muted in the Czech Republic, although this feature
is not unique relative to the euro area evidence in Slacalek et al. (2020). Outside wealthy HtM
households in Spain, both the net interest rate exposure and Fisher channels are generally quan-
titatively small across countries. In the Czech case, their limited contribution primarily reflects
relatively low nominal and interest rate exposures due to low prevalence of flexible-rate debt.
Similarly, Czech non-HtM households display less positive nominal and interest rate exposures
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than their Western European counterparts, reflecting lower financial wealth accumulation and
lower aggregate asset prices. The housing channel exhibits a qualitatively similar structure to
Southern European economies, especially Spain, since wealthy HtM and richer households hold
substantial housing wealth. Under the conservative baseline calibration with reduced housing
wealth MPCs, however, the contribution of housing capital gains remains moderate. By con-
trast, the alternative specification using the benchmark Slacalek et al. (2020) MPCs produces
a much stronger wealth channel, quantitatively comparable to Spain due to the sizeable house
price response estimated in the Czech SLP. By contrast, stock market wealth effects are neg-
ligible in the Czech Republic due to the very limited direct equity participation of households,
whereas Slacalek et al. (2020) still identify a modest stock wealth contribution for non-HtM and
top-wealth households in the euro area.

At the aggregate level, the Czech responses place the economy closer to the high-response
Southern European economies than to the low-response core euro area countries emphasized by
Slacalek et al. (2020). The estimated earnings response is quantitatively closest to Italy, while
the housing-related transmission resembles Spain due to the comparatively strong reaction of
house prices to monetary easing. Inflation also reacts more strongly in the Czech specification
than in the euro area estimates of Slacalek et al. (2020); however, the policy rate simultane-
ously reverts faster, implying a broadly comparable medium-term real interest rate path. At the
same time, the Czech transmission mechanism differs importantly from the euro area economies
considered by Slacalek et al. (2020) due to the distinct household balance sheet structure of
post-transition Central and Eastern European economies. Czech households hold relatively lit-
tle financial wealth, display lower nominal exposures and operate in a mortgage market with
very limited prevalence of adjustable-rate borrowing. Consequently, balance-sheet redistribution
channels remain weaker despite relatively strong macroeconomic responses to monetary policy.
In addition, the independent Czech monetary policy regime likely strengthens the overall trans-
mission through domestic labour market and housing market dynamics relative to the common

monetary policy environment of the euro area.

6 Conclusion

To the best of our knowledge, this work constitutes the first attempt to quantify the strength and
composition of monetary policy transmission channels in the Czech Republic within a HANK-
based framework, utilizing household balance sheet data. Inspired by Slacalek et al. (2020), we
implement an analytical decomposition framework using the fourth wave of the HFCS, comple-
mented by the EU-LFS and aggregate SLP-based responses. Our results highlight five trans-
mission channels across poor HtM, wealthy HtM, non-HtM, and households at the top of the
wealth distribution (Top 10).

Several important findings emerge. First, the HANK framework substantially amplifies the
aggregate consumption response compared to RANK. In baseline calculation, less than 50% of
the aggregate response stems from direct channels, with the intertemporal substitution chan-
nel dominating for non-HtM households, and the income channel playing the leading role for
HtM households. Relative to the representative-agent benchmark, incorporating heterogeneity
amplifies the simulated response by more than a factor of two and brings it close to the em-
pirical estimate obtained using SLP and high-frequency monetary policy shocks. Nevertheless,

the analytical decomposition remains partial in nature and abstracts from several mechanisms
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captured by the empirical SLP, including precautionary savings, expectation revisions and gen-
eral equilibrium feedback. The remaining discrepancy between the two approaches therefore
likely reflects both calibration uncertainty and structural differences between the analytical and
empirical frameworks.

Second, we document a non-negligible role of the housing wealth channel despite the con-
servative calibration of housing wealth MPCs. The channel is particularly relevant for wealthy
HtM and Top 10 households with substantial real estate exposures, reflecting the high home
ownership rate in the Czech Republic. At the same time, the contribution of housing wealth
effects remains considerably weaker than in studies calibrated to economies with more developed
mortgage refinancing and home equity extraction markets. By contrast, the net interest rate
exposure channel remains comparatively weak, likely reflecting the limited share of adjustable-
rate mortgages and relatively low leverage of Czech households. Third, using the conservative
classification method of Kaplan et al. (2014), we estimate the share of HtM households to be
below 19%, about two thirds of the 30% assumed in the core forecasting model of the CNB.

Fourth, modelling the top wealth decile separately shows that the upper tail of the wealth
distribution is not only a distributional detail but also a relevant component of monetary trans-
mission. Even when aggregate responses are not mechanically driven by the Top 10 split, the
concentration of housing and financial exposures among the wealthiest households changes the
interpretation of capital-gains and balance-sheet channels.

Overall, these results suggest that modelling monetary policy solely through the intertem-
poral substitution channel is insufficient. Indirect channels, particularly labour income effects,
play a quantitatively important role and substantially amplify the aggregate response. At the
same time, the results demonstrate that the quantitative importance of individual channels is
sensitive to institutional features and calibration assumptions, especially in the case of housing
wealth effects. These findings reinforce the relevance of HANK-type approaches and suggest
that policy models relying on representative or highly aggregated household sectors may under-
state important transmission channels. Incorporating richer representations of labour-income
risk, housing wealth dynamics and household portfolio heterogeneity can therefore improve the
empirical realism of central-bank policy models, particularly in economies with concentrated
wealth holdings. However, to match the relevant information from alternative micro datasets,
some caution is needed as models used for imputation of parameters designed for some countries
might not necessarily work for others, and in our case, the utilization of LASSO regressions on
a larger set of predictors led to better results than the standard probit model.

Future research could advance this work in several directions. First, a more refined classifi-
cation of HtM households is needed to address the apparent discrepancy between the standard
classification based on a comparison of liquidity and monthly incomes and the shares of house-
holds reporting being limited in liquidity. Second, exploring heterogeneous transmission effects
in more granular wealth dimensions, such as the Top 1% households, would shed light on the
growing role of wealth inequality. So far, the possibilities for this extension have been limited
due to the underrepresentation of the top-income households in surveys. Third, integrating pre-
cautionary savings motives, expectations, and durable consumption responses would provide a
more complete view of transmission dynamics. Still, our paper shows that accounting for income
and wealth heterogeneity provides insights which have practical relevance for forecasting and
policymaking.
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A Data

The data sources for empirical analysis in this work can be divided into three streams. Core
are the microdata on household balance sheets from the Household Finance and Consumption
Survey. Second are supplementary microdata on employment and earnings from the EU Labour
Force Survey. On top of that, we use aggregate macroeconomic indicators from System of
National Accounts and other sources. These data collectively enable both the analysis of HtM
shares in EU countries and the detailed examination of monetary policy transmission channels
in the Czech economy. The following sections elaborate on each dataset in detail, providing the
background on data collection and variable creation.

A.1 Household Finance and Consumption Survey (HFCS)

The HFCS is a large-scale, harmonized microeconomic dataset collected by the ECB in coop-
eration with national central banks and statistical offices of participating countries. It provides
detailed information on household assets and liabilities, income, indicators of consumption and
credit constraints, as well as basic demographics, offering a comprehensive picture of financial
vulnerabilities and wealth distribution across the selected countries. The survey was first con-
ducted in 2010 and has since been updated in multiple waves. We are using the most recent
fourth wave of HFCS with data collected between 2020 and 2022, released in July 2023. It is
important to acknowledge that most of the fieldwork was carried out during the turbulent eco-
nomic landscape of coronavirus (COVID-19) pandemic, which might have influenced household
financial conditions and behaviours. Notably, this wave marks a significant milestone as the
first to include Czech households, making it possible to analyse their balance sheets with this
level of granularity for the first time. Czech Statistical Office (CZSO) collects the information
as part of the European Union Statistics on Income and Living Conditions (EU-SILC) survey
by extending the interview.!?

The full sample collected in 22 EU countries contains data on 197,006 individuals from
83,162 households. The sample for Czech Republic, which we use for the consumption response
decomposition analysis, consists of 6,730 individuals from 3,122 households. Core of this dataset
are household-level information regarding balance sheet composition, obtained either directly
from the questionnaire or derived. Each household has been assigned a weight to account for
unequal probability of their selection to the sample. Moreover, the Household Finance and
Consumption Survey (2023) describes that HFCS covers for item non-response by estimating
missing observations conditionally on other answers five times to account for uncertainty in this
imputation process. In corresponding files, details on non balance-sheet related individual-level
characteristics, such as age, gender, education, sector of employment, etc., can be found and
connected through id variables back to the household level. For each household, one reference
person is flagged directly in the data. Importantly, by its design, the HFCS systematically
underrepresents individuals who live homeless, in social care facilities or hostels, since only
private households, where individuals jointly manage expenses are being surveyed.'* Conversely,
the wealthiest might be also underrepresented due to lower responsiveness, hence the whole
survey is rather oversampling the broad middle class. This property has to be taken into account

13This practice has been mentioned in the HFCS methodology notes by CZSO, available from
https://csu.gov.cz/household-finance-and-consumption-survey-hfcs-methodology.
MEU-SILC methodology, CZSO, https://csu.gov.cz/living-conditions-eu-silc-methodology.
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throughout all interpretations of the results and is potentially the chief limitation of this work.

We are using this data to determine households’ HtM status by their approximate net in-
come, net (il)liquid wealth, credit limit and possession of real-estate property or self-employment
business wealth. Furthermore, we are able to directly calculate average net interest rate expo-
sures, net nominal positions or holdings of housing and stock market wealth for each of the
groups, a crucial input for the analytical decomposition. Personal characteristics are used for
imputation of HtM status to the EU-LFS data.

A.1.1 Household Exposures

We define net liquid wealth and net illiquid wealth as the difference between respective assets
and liabilities. In the baseline definition, the particular HFCS variables included in the liquid
asset list are deposit sight (DA21011) accounts, approximation of cash holdings as 5.5% of sight
accounts (following Kaplan et al., 2014), mutual funds (DA2102), bonds (DA2103) and shares
(DA2105), for liquid liabilities we consider credit lines/bank overdrafts debt (DL1210), credit card
debt (DL1220) and value of all non-collateralised loans (HC080x) with first choice purpose of the
loan (HCO50xA) of a liquid character. Illiquid assets include value of the HMR for homeowners
(DA1110), other real estate property (DA1120), value of household’s vehicles (DA1130), value of
self-employment businesses (DA1140), deposit saving accounts!'® (DA21012), managed accounts
(DA2106), money owed to households (DA2107), other assets (DA2108), voluntary pension/whole
life insurance (DA2109), and current value of pension plan, type occupational (PFA080216). Tllig-
uid liabilities consist of outstanding balances of mortgages (DL1110 and DL1120) and the sum
of all non-collateralised loans (HC080x) with illiquid first choice purpose (HCO50xA), i.e. either
to purchase or construct the HMR, to purchase other real estate, to refurbish or renovate the
residence, to buy a vehicle or other means of transport or to finance a business or professional
activity.

On top of that, we construct two alternative definitions. In the strict version (leading to
high HtM share) we narrow liquid assets by omitting cash holdings due to their approximate
nature. We further broaden the liquid liabilities by all other non-mortgage loans (DL1230),
not only the non-collateralised with liquid first choice purpose. On the illiquid side, we omit
the occupational pension plans (PFA0802) from assets and narrow liabilities only to outstanding
balances of mortgages (DL1110 and DL1120). For the benevolent version, we add saving accounts
(DA21012) as liquid assets and make only the credit lines/bank overdrafts debt (DL1210) and
credit card debt (DL1220) contribute to the liquid liabilities, while as illiquid assets we consider
value of the HMR for homeowners (DA1110), other real estate property (DA1120), value of
household’s vehicles (DA1130) and value of self-employment businesses (DA1140). We then add
all other non-mortgage loans (DL1230) to illiquid liabilities.

For our purposes, household is considered to have real estate property or self-employment
business wealth (PBW) when it either has HMR (DA1110i = 1), has other real estate property
(DA1120i = 1) or has self-employment business wealth (DA1140i = 1).

We calculate the net interest rate exposure as income minus total consumption (i.e. flow

of saving) plus total maturing assets minus liabilities. The flow of saving is equal to zero

5 Despite the HFCS definition, according to which daily withdrawals from such accounts are allowed, the CZSO
collects this variable as the value of building society account, which is rather illiquid.

18The coding of variables has changed in wave four, PFO710 is the corresponding variable name from wave two,
which was used in Slacalek et al. (2020).
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for HtM, for non-HtM we calculate it as portion of income matching the aggregate saving
rate from Section 4.1. Maturing assets are defined as 100% of deposits (DA2101) plus 25% of
total financial assets (DA2100) net of value of non self-employment private business (DA2104),
voluntary pension / whole life insurance (DA2109) and deposits (DA2101), which leaves the total
financial assets variable as sum of mutual funds (DA2102), bonds (DA2103), shares (DA2105),
managed accounts (DA2106), money owed to households (DA2107) and other assets (DA2108).
Maturing liabilities consist of outstanding balance of non-mortgage debt (DL1200) — i.e. the
sum of credit line / overdraft (DL1210), credit card debt (DL1220) and debt in both private
and non-private loans (DL1231 and DL1232) — and on all adjustable rate mortgage, meaning
adjustable-rate mortgages (ARMs) on households’ HMR (DL1110a) and on other properties
(DL1120a).

Net nominal position of household is defined as its net financial position minus indirect
nominal position. Net financial position equals the difference between total financial assets
(DA2100) and total outstanding balance of household’s liabilities (DL1000) while indirect nominal
position is the sum of mutual funds (DA2102), value of non-self-employment private business
(DA2104) and publicly traded shares (DA2105). This can be decomposed into deposits (DA2101),
bonds (DA2103), managed accounts (DA2106), money owed to households (DA2107), other assets
(DA2108) and voluntary pension/whole life insurance (DA2109) subtracting the mortgage debt
on households” HMR (DL1110) and on other properties (DL1120), the credit line/bank overdraft
(DL1210), credit card debt (DL1220) and private and non-private loan debt (DL1231 and DL1232).

Total housing wealth is the sum of HMR values (DA1110) and values of other real estate
property (DA1120). The stock market wealth equals the value of publicly traded shares (DA2105).
When we compare the total stock market wealth holdings of households from the HFCS to the
aggregate value (how do we obtain it is described below in Section A.3), we find that the
survey covers only about 56.7% of the total. Slacalek et al. (2020) artificially blow-up the
stock market wealth of the non-HtM households to match the aggregate and hence account for
this underrepresentation. We decide not to apply such adjustment to maintain consistency in

approach to all variables.

A.1.2 Net Income Approximation

For most countries in the HFCS dataset, only the gross income (DI2000) data are available.
From a methodological perspective, however, it s not ideal to use gross income for HtM sta-
tus determination since households’ liquidity constraints and consumption-savings decisions are
governed rather by disposable (net) income. To address this limitation, and to ensure that the
country-level HtM share most relevant for the consumption response decomposition exercise is
as close to economic reality as possible, we approximate net income of Czech households using
a detailed reconstruction of the tax and contribution system. In addition, this allows us to as-
sess the robustness of the HtM classification by directly comparing HtM shares obtained under
net- and gross-income concepts for the Czech data, showing that the resulting differences are
quantitatively small.

This operation has multiple layers, since there have been legislative changes in taxation
laws throughout the data collection period. Income in the Czech Republic is subject not only
to income tax, but also to social security and health contributions, employees are subject to
different scheme than self-employed individuals, and there are possibilities of tax deductions,
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credit etc. We try to make the approximation as accurate as possible, however, simplifying
assumptions have to be made.

Throughout the process, we stick to the tax laws that were in force on January 1st, 2021, i.e.
at the beginning of the year in which most of the data collection was conducted. In order to ob-
tain the approximate tax amount on individual level, we are using two types of taxable income,
the gross employee income (PG0110) and two-thirds (to account for the deductions) of the gross
self-employment income (PG0210). On the employment taxable income, we apply progressive
income tax scheme!” with rate of 15% for income up to 48 times the average wage'® and 23%
above, together with social and health contributions of 6.5%'” and 4.5%,° respectively.?! The
self-employed individuals can choose their taxation scheme. Default is progressive income tax
scheme identical to the one for employees, with social contribution of 29.2% and health contri-
bution of 13.5%. However, they can opt into a flat-rate scheme with monthly payment of CZK
5,469 (circa EUR 213) — defined as the sum of advances CZK 100 on income tax, CZK 2,976 on
social and CZK 2,393 on health contributions — given that their annual self-employment income
is below CZK 1,000,000 (circa EUR 38,994) and they have no employee income. We assume
agent rationality in selection of the self-employment tax scheme, expecting them to minimize the
total tax amount paid. For individuals in the employee or default self-employment tax scheme,
the tax credit of CZK 27,840 (circa EUR 1,086) is deducted from the final tax amount.

We then sum the total tax amount paid by household, and subtract it from household
employee income (DI1100), self-employment income (DI1200) and transfers. In this context,
we consider transfers to be all other income, i.e. income from renting a real estate property
(DI1300), financial assets (DI1400), pensions (DI1500), social transfers (DI1600), private trans-
fers (DI1700) and other sources (DI1800). The final figure is the approximate net income. Mean
annual net income per capita in our sample is CZK 235,505 (circa EUR 9,183), which we con-
sider sufficiently close to the aggregate number for 2021, CZK 220,106 (circa EUR 8,583).%22
Throughout the procedure, we use the 2021 average exchange rate of 26.645 CZK/EUR? for

currency conversions.

A.1.3 Personal Characteristics

From available personal characteristics, we construct variables of age age (RA0300 grouped
by five years, ordered and indexed), age squared age2 (RA0300%), gender female (RAO200 =
2), marital status married (PA0100 = 2 or 3), self-employment selfempl (PE0200 = 2 or 3),
permanent contract perm (PE0500 = 1), average hours worked in a week hwusual (PE0600).

"Defined in the Law No. 586/1992 Coll,, as amended on January 1st, 2021, available from
https://www.zakonyprolidi.cz/nabidka/cs/1992-586 /zneni-20210101.

18 Government decree No. 381/2020 Coll., https://www.zakonyprolidi.cz/cs/2020-381.

¥Defined in the Law No. 589/1992 Coll,, as amended on January 1st, 2021, available from
https://www.zakonyprolidi.cz/nabidka/cs/1992-589 /zneni-20210101.

Defined in the Law No. 592/1992 Coll.,, as amended on January I1st, 2021, available from
https://www.zakonyprolidi.cz/nabidka/cs/1992-592 /zneni-20210101.

2! An overview of tax and non-tax fiscal measures relevant especially for employee income and their changes in
recent years is available in Table 1 of https://www.cnb.cz/en/monetary-policy/monetary-policy-reports/boxes-
and-articles/The-net-wage-in-recent-years/, CNB.

22Household Income and Living Conditions, average household net income per capita, CZSO, available from
https://csu.gov.cz/household-income-and-living-conditions.

ZCentral bank exchange rate fixing, monthly cumulative averages, CNB, available from
https://www.cnb.cz/en/financial-markets/foreign-exchange-market /central-bank-exchange-rate-fixing/central-
bank-exchange-rate-fixing/currency-average.html?currency=EUR.
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We further create multiple dummy variables for education following the International Standard
Classification of Education (ISCED) 2011, primary education prim_edu (PA0200 = 1), secondary
education sec_edu (PA0200 = 2 or 3), tertiary education tert_edu (PA0200 = 5), job description
job followed by a number from 0 to 9 by the International Standard Classification of Occupations
(ISCO)-08 code (first digit of PE0300), and employment sector sec followed by a number from
1 to 21 by the European Classification of Economic Activities (NACE) Rev.2 code (PE0400).
Reference person (RA0100 = 1) of each household is labelled. We apply structural imputation
on employment-related variables to transform NA’s induced by survey’s filtering of unemployed
individuals to zeros, for variables perm and sec, all rows of individuals who are not employees
have been originally filtered out and hence transformed to zeros.

We have further introduced a revision to the sectoral dummies by merging them to both
decrease total number of possible explanatory variables in our imputation model in Section 4.2
and reflect on low number of observations in certain categories. We group sectors according to
“high-level aggregation” used in System of National Accounts (SNA) reporting, with separated
Manufacturing sector. Following sectors have been grouped: B, D and E (Mining and quarry-
ing and other industry); G, H and I (Wholesale and retail trade, transportation and storage,
accommodation and food service activities); M and N (Professional, scientific, technical, admin-
istration and support service activities); O, P and Q (Public administration, defence, education,
human health and social work activities); R, S, T and U (Other services). Given this grouping,
we reassign the sectoral variables with names sec followed by a number from 1 to 11. Nonethe-
less, some variables do not allow any meaningful merging or the grouping was insufficient.? On
the other hand, most common are job descriptions Craft and related trades workers (job7) and
sectoral occupation Manufacturing (sec3).

A.2 EU Labour Force Survey (EU-LFS)

The CZSO surveys individuals from all districts of the Czech Republic throughout the year for
the Labour Force Sample Survey (LFSS) since 1992. The data are then implemented to the
harmonized EU-level counterpart named EU-LFS, whose main objective is to collect detailed
information about situation in country’s labour market. The micro-level dataset consists of
quarterly panel data, however, each household is questioned five times in total before being
replaced, hence there is 20% replacement rate in the random sample. Throughout the years,
there have been substantial changes and improvements made both in the definitions of particular
variables, as well as in their number. In 2023, almost 49,000 individuals from 23,000 households
have been visited.?

We have been working with a sample from 1998 (the first year when Czech data are included
in the EU-LFS with sufficient comparability) to 2023 (the latest data available). This leaves us
with 6,016,408 observations in total. Due to the fact that our analysis is on a household level, we
are working with data on 2,569,242 reference persons across 25 years, from which 2,555,573 pass
NA cleaning. Moreover, since 2008 is the first year which includes the NACE Rev.2 indicator
and the ISCO-08 indicator is available only from 2011 onward, whenever we use them, our
sample further loses all observations from the previous years, leaving us with 1,241,647 reference
persons (after NA cleaning). We are interested in personal characteristics as age, gender, marital

24The dummy variables with ten or less positive answers are job0, job6 and sec8. When looking only at the
reference persons of HtM households, the list includes jobO, jobl, job2, job6, secl, sec6, sec7, sec8 and secll.
25 According to CZSO, https://csu.gov.cz/vykazy /labour-force-sample-survey-Ifss.
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status, education, type of contract, hours worked, sector and description of employment, while
the status of employment is central to our analysis.

The EU-LFS is a crucial source for estimation of the elasticity of household employment to
aggregate employment, especially due to its long history, quarterly frequency and large sample,
together with sufficient details on individual-level characteristics. This combination allows us
to impute the HtM status and estimate statistically significant elasticities. Section 4.2 provides
details.

A.2.1 Personal Characteristics

We aim to construct a set of personal characteristics which correspond to those from HFCS. Since
age age in Czech data is included only in the form of age groups (AGE_GRP) by five years of age,
hence we use ordered indices of these groups as proxy for age. We define age squared age2 (age?),
gender female (SEX = 2), self-employment selfempl (STAPRO = 0), permanent contract perm
(TEMP = 1) and average hours worked in a week hwusual (HWUSUAL), dummy variables indicating
education level obtained from ISCED 2011 codes, primary education prim_edu (HATLEV1D = 1),
secondary education sec_edu (HATLEV1D = 2), tertiary education tert_edu (HATLEV1D = 3), job
description job followed by a number from 0 to 9 by the ISCO-08 code (first digit of ISC008_1D),
employment sector sec followed by a number from 1 to 21 by the NACE Rev.2 code (NACE2_1D)
and the employment status empl (EMPSTAT = 1). Measure of marital status married is not
available in the EU-LFS data, hence we approximate it identically to Slacalek et al. (2020) by
checking whether there is a person with age in £1 group from the reference person (then married
= 1, otherwise 0). We have applied structural imputation to account for the survey’s filtering,
hence all the employment-related variables have been populated with zeros instead of original
NA’s for unemployed individuals, in the case of perm for all individuals who are not employees,
because those cannot have a permanent contract.

Since the reference person is not specified in the survey, we assign it applying the same
process Slacalek et al. (2020) use, with the only distinction that we first do not make restriction
only to individuals aged 15 to 64, as we prefer to maintain the full household sample, matching as
closely as possible structure of the HFCS sample we are imputing from. Then we try to assign the
reference person based on the average hours worked in a week — we find the maximum hwusual
for household in a given quarter, then all individuals with lower hwusual can no longer be the
reference person, and if there is exactly one person working the household average maximum
hours, he or she shall be labelled as the reference person (ref = 1). If there are more than
one such individuals, the reference person will be decided based on the highest education level
attained in the same manner. For the households where even this criteria fails to determine
unique reference person, the highest age age is used. When there is no reference person even
after this step (i.e. there are two or more individuals with the highest and identical hwusual,
education level and age in the household), the reference person is assigned randomly.

A.3 Aggregate Variables

This section groups information regarding sources of necessary aggregate variables, mostly the
input for the aggregate impulse responses analysis in Section 4.3, but also for the calculation of
consumption-income ratios in Section 4.1 or the comparison of stock market value in our data

versus the aggregate economy in Section A.1.
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A.3.1 Monetary Policy Shocks

To identify exogenous monetary policy innovations, we employ the high-frequency monetary
policy shocks estimated by Franta (2026). In contrast to the earlier approach of Gertler &
Karadi (2015), which interprets high-frequency movements in financial variables around policy
announcements as monetary policy surprises directly, Franta (2026) explicitly distinguishes be-
tween conventional monetary policy shocks and central bank information shocks following the
framework of Jarociniski & Karadi (2020). The identification strategy exploits the joint responses
of short-term interest rate expectations and the CZK/EUR exchange rate around CNB policy
meetings. A contractionary monetary policy shock is identified as an increase in interest-rate ex-
pectations combined with an appreciation of the Czech koruna, i.e. a decline in the CZK/EUR
exchange rate. By contrast, a central bank information shock is identified as an increase in
both interest-rate expectations and the CZK/EUR exchange rate, reflecting upward revisions
in inflation expectations communicated by the central bank. The methodology is specifically
adapted to the institutional features of the Czech economy as a small open economy. Instead of
relying on stock prices, as in Jarociriski & Karadi (2020), the identification uses exchange rate
surprises, which are more informative in the Czech context and allow the identification of shocks
even during the exchange-rate-commitment period and the zero lower bound episode. The esti-
mation is based on daily changes in financial variables around CNB Bank Board meetings over
the period from 2001 to 2024.

As the main monetary policy instrument, we use the shocks identified from FRA 1x4 sur-
prises together with CZK/EUR exchange rate surprises. The FRA 1x4 rate reflects expectations
regarding the three-month interbank rate one month ahead and is closely linked to short-term
monetary policy expectations. Compared with longer-horizon instruments such as interest rate
swaps or government bond yields, FRA contracts are less affected by longer-term inflation ex-
pectations, international yield spillovers, portfolio flows, and term premia. In the Czech envi-
ronment, these considerations are particularly relevant because government bond yields were
substantially influenced by foreign capital inflows during the exchange-rate-commitment period
and may therefore embed information beyond domestic monetary policy expectations. While
Franta (2026) shows that shocks constructed from FRA, IRS, and bond-yield surprises are qual-
itatively similar, the FRA-based specification provides a clean measure of short-term monetary
policy surprises that is well suited for our local projection analysis.

While this identification strategy offers a high-frequency measure of monetary policy sur-
prises, it is not without limitations. First, since intraday data are unavailable for Czech financial
markets, the shocks are identified using daily changes in market prices on policy-meeting days,
which may still contain information unrelated to monetary policy announcements. Second, the
approach relies on assumptions regarding the interpretation of exchange rate and interest rate
co-movements around policy meetings. Third, high-frequency identification captures unantici-
pated policy news rather than systematic deviations from the central bank’s reaction function.
Consequently, anticipated unconventional measures may generate only small measured shocks,
while standard policy decisions that markets fail to predict may appear as large monetary pol-
icy innovations. Despite these limitations, the shocks estimated by Franta (2026) constitute
the most comprehensive and institutionally appropriate high-frequency monetary policy shock
series currently available for the Czech economy.
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A.3.2 Macroeconomic Indicators

The monetary policy instrument interest rate in the Czech Republic is the two-week repo rate,
and we approximate monetary condition by closely related 3-month PRIBOR (pribor) from
ARAD database (series id MIRFMSPR3XRATPECM) as quarterly averages in percentages. This
interest rate shall, inter alia, reflect not only the current policy rate, but also the expectations
about its path over a short horizon. Inflation is represented by monetary policy-relevant inflation
(mpinfl), which adjusts headline inflation for first-round effects of indirect tax changes. This
series is taken from ARAD (series id MCPIMPIXXNAJYOYPECQ), quarterly year-on-year rate in
percentages. We express the employment and wage dynamics jointly as the total wages and
salaries (wbill) series from National Accounts (table QA_MS3), in current prices, million CZK,
seasonally adjusted. The real domestic selected residential property prices index (hpind, Bank
for International Settlements (2025), series key Q.CZ.R.628) was downloaded from the Bank
for International Settlements (BIS) data portal. Stock prices are represented by Prague Stock
Exchange index (psx, PX?%), quarterly averages of monthly values. Finally, the measure of
nondurable goods consumption (ndcons) is constructed by subtracting the durable consumption
expenditures from total consumption. We access both series through Eurostat (online data code
namq_10_fcs), in current prices, CZK million, seasonal and calendar adjustment applied.

We are restricted to a period from Q1 of 2008 to Q4 of 2024 by availability of the residential
property prices and monetary policy shock series, respectively. All variables enter our dataset
either already on quarterly frequency or have been transformed accordingly. To isolate real
economic dynamics from nominal price effects, we deflate (. . ._real) all nominal macroeconomic
variables that are expressed in current prices using a consistent price index constructed from
monetary-policy-relevant inflation. This includes wage bill and nondurables consumption. In the
next step, we apply a natural logarithmic transformation® (... log) to all level-type variables
(i.e. wage bill, real estate and stock price indices, and real nondurables consumption). The log
transformation is not applied to variables expressed in relative terms (i.e. interest rates).

A.3.3 Other Aggregate Metrics

The consumption-income ratios calculation uses two aggregate numbers. First is the saving rate
for 2021 of 19.6% from Eurostat (online data code tec00131). This measure has been elevated
by more than 50% in comparison to the pre-pandemic levels, implying ceteris paribus lower
responsiveness of consumption. Second, the durables consumption share is calculated as the
fraction of final consumption expenditure of households on durable goods in 2021 versus the
total. Using Eurostat data on seasonally unadjusted household final consumption expenditure
by durability (online data code nama_10_fcs), in current prices, the share is 8.0%. This rate has
been slightly declining in the past 20 years, while experiencing up to 2 percentage point drops
during crises. Despite the recent volatility of both of these figures, we consider the 2021 values
representative for the purpose of our analysis.

To construct aggregate stock market value, we are using the end of year single counted total
value of stocks traded as % of gross domestic product (GDP) indicator from World Bank (World
Federation of Exchanges database, series id CM.MKT.TRAD.GD.ZS). This ratio has been falling

26 Accessed from https://www.investing.com /indices/px-historical-data.
27 Allows to interpretation of changes as percentages and helps stabilize the variance and reduce skewness,
making the time series more consistent with the stationarity assumptions underlying estimation.
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since the early 2000’s, and has stabilized only in the recent years. Reported 1.7% from 2021
is multiplied by respective GDP of CZK 6,306 billion?® (EUR. 245,988 million?). The result is
approximately CZK 109 billion (EUR 4,237 million) stock market value.

B Robustness

This appendix documents a set of robustness checks to our baseline specification. We consider
alternative assumptions regarding household classification and empirical inputs, and demon-
strate robustness of our aggregate impulse responses. The purpose of this section is to provide

an overview of the inputs used to generate decompositions discussed in Section 5.2.

B.1 Household Heterogeneity

Our baseline specification distinguishes the Top 10 wealth group from the remaining non-HtM
households. As discussed in Section 4.1, we rely on the assumption that their analytical de-
composition and calibrated parameters (MPCs, intertemporal elasticities of substitution, and
consumption—income ratios) coincide with those of the broader non-HtM group. Given that our
primary focus is on the behavior of HtM households, we assess robustness to relaxing this split.

B.1.1 Household Exposures

Table 3 reports the resulting household shares and financial exposures under this alternative
classification. The table mirrors the structure of the baseline summary and highlights how the
redistribution of the Top 10 affects the relative importance of balance-sheet channels for the
non-HtM. In this specification, also the elasticities of household employment change slightly,
reaching 4.10 for the poor HtM, 3.94 for the wealthy HtM and 0.47 for the non-HtM.

Table 3: Summary of HtM shares and household exposures - without Top 10

HtM status
variable poor HtM  wealthy HtM  non-HtM
Household classification (percent)
shares 3.5 15.1 81.4

Household exposures (EUR thousands)

(bt +yt — ct) + 6B By — 6% 5.1 -1.4 16.2
my -5.1 -4.3 6.9
k.q housing 80.0 130.3
k:q stock market 0.7

B.2 Empirical Inputs

We next examine robustness to alternative empirical inputs entering the consumption decompo-
sition. Relative to the baseline calibration in Section 4.1, we consider: a specification in which

MPCs out of housing wealth are not scaled down; and a scenario in which all household groups

#8Table of key macroeconomic indicators, available at https://www.cnb.cz/en/monetary-policy /monetary-
policy-reports/Monetary-Policy-Report-Winter-2025/.
Burostat, online data code namq_10_gdp.
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are assigned unit elasticity of individual employment with respect to aggregate employment, re-
flecting the limited statistical power underlying the heterogeneous elasticity estimates discussed
in Section 4.2. In addition, we assess the sensitivity of the aggregate impulse responses obtained
from the SLP approach described in Section 4.3 by varying the smoothing parameter and by
estimating LP without smoothing.

Table 4: Summary of empirical inputs - alternative

HtM status
variable poor HtM  wealthy HtM non-HtM Topl0
Marginal propensities to consume
1 out of transitory income 0.50 0.50 0.05 0.05
1 out of housing wealth 0.07 0.01 0.01
w out of stock market wealth 0.07 0.01 0.01
Intertemporal elasticity of substitution
s 050  0.50

Implied consumption-income ratios (percent)
c 76.9 76.9
Cnd 92.0 92.0 70.8 70.8

Sensitivity of household employment to aggregate employment

€y 1.0 1.0 1.0 1.0
aggregate

SLP impulse responses

initial policy rate change (pp) -1.00

policy rate change at horizon (pp) 0.06

inflation (pp) 1.47

earnings (percent) 1.09

house prices (percent) 6.81

stock prices (percent) 16.44

B.2.1 Aggregate Effects of Monetary Policy Shocks

Figure 11 compares impulse responses from the baseline SLP specification (A = 1) with alter-
natives using A = 10 and A = 0.1, as well as standard (unsmoothed) LP. Across specifications,
the qualitative dynamics and magnitudes of the responses remain very similar, demonstrating
that our baseline results are not driven by a particular choice of smoothing intensity.

B.3 Results

This subsection presents the full set of robustness results referenced in Section 5.2. Specifically,
we report: results obtained without separating the Top 10 group from non-HtM households; re-
sults based on unadjusted MPCs out of housing wealth while maintaining the Top 10 distinction;
and results under unit elasticities of household employment with respect to aggregate employ-
ment. The corresponding figures in Figure 12 provide the quantitative basis for the discussion

in Section 5.2.
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Figure 11: IRs to -100 bps monetary policy shock from SLP - robustness
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Source: Authors’ calculations. Note: pribor 3-month PRIBOR interest rate; mpinfl monetary
policy-relevant inflation; wbill_real_log log of wage bill; hpind_log log of real estate price index;
psz-log log of Prague Stock Exchange index; ndcons_real_log log of nondurables consumption.
The dark (light) confidence bands represent the 68% (90%) credible intervals.
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Change in consumption, percent

Figure 12: Alternative specification results
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(c) Effects on consumption - higher housing MPC
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(d) Effects on consumption - unitary elasticities
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