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Introducing a New Index of Households’ Macroeconomic Conditions

Martin Hodula, Simona Malovana, and Jan Frait"

Abstract

We construct a novel index of households’ macroeconomic conditions for 22 high-income
European countries between 2002 Q1 and 2018 Q4. The resulting index is in line with the
broad features of the countries’ business cycles and captures households’ economic well-
being. We discuss the complementary character of the proposed index in relation to widely
employed survey-based consumer confidence indicators. We show that households’
expectations are tightly linked to current macroeconomic conditions. This finding echoes the
literature linking consumer attitudes and economic development. In a single-country case
study, we provide empirical evidence that links the proposed index to new credit extended to
households. The evidence suggests that households need a longer period of good
macroeconomic conditions to decide to take on a mortgage than they do in the case of a
consumer loan.

Abstrakt

Vytvatime novy index makroekonomickych podminek domacnosti pro 22 vysokopiijmovych
evropskych zemi za obdobi mezi prvnim Ctvrtletim 2002 a ¢tvrtym cEtvrtletim 2018. Vysledny
index je v souladu se vSeobecnymi charakteristikami hospodaiského cyklu v danych zemich
a zachycuje ekonomicky blahobyt domacnosti. Zabyvame se komplementarni povahou
navrhovaného indexu ve vztahu k obecné vyuzivanym indikatorim spotfebitelské duvéry
zalozenym na vyb€rovych Setfenich. Ukazujeme, Ze ocekavani domacnosti jsou uzce spjata
s aktualnimi makroekonomickymi podminkami. Toto zjisténi je v souladu s odbornou
literaturou, ktera propojuje postoje spotiebiteld a ekonomicky vyvoj. V ptipadové studii
zaméfené na jednu zemi empiricky dokladame vazbu mezi navrhovanym indexem a novymi
uvéry poskytnutymi domacnostem. Nase zjisténi naznacuji, ze domacnosti potiebuji delsi
obdobi ptiznivych makroekonomickych podminek k tomu, aby se rozhodly vzit si hypotéku,
nez k tomu, aby se rozhodly vzit si spotiebitelsky aver.

JEL Codes: F12, F41, F43.
Keywords: Composite index, factor analysis, households’ confidence, loan growth.

* Martin Hodula, Czech National Bank (martin.hodula@cnb.cz) and Technical University of Ostrava.

Simona Malovana, Czech National Bank (simona.malovana@cnb.cz).

Jan Frait, Czech National Bank (jan.frait@cnb.cz) and University of Finance and Administration in Prague.

The authors would like to thank Karel Briina, Dominika Ehrenbergerova, Adam Gersl, Tomas Nidetzky, and Jan
Solc for useful comments. The views expressed in this paper are those of the authors and not necessarily those of
the Czech National Bank. All errors and omissions remain the fault of the authors.




2 Martin Hodula, Simona Malovang, and Jan Frait

1. Introduction

Following the Global Financial Crisis (GFC), researchers have turned their focus to expectational
factors contributing to credit booms while leaving aside the assumptions of rational behavior and
rational expectations. Fuster et al. (2010) propose a natural expectations concept. Households tend
to have wrong beliefs about the true development of fundamental factors and over-estimate the
persistence of favorable conditions. As a result, they can be excessively optimistic in good times
and pessimistic in bad times. Boom and bust cycles then follow. Similarly, Bordalo et al. (2018)
present a model with diagnostic expectations in which agents tend to overweight future outcomes
that they have anticipated in light of current data. Foote et al. (2012) go even further and state that
the facts refute the popular story that the GFC resulted from finance industry insiders deceiving
uninformed mortgage borrowers and investors. Instead, they argue that borrowers and investors
made decisions that were rational and logical given their ex post overly optimistic beliefs about
the development of house prices.

The concept of extrapolative expectations — originally developed to explain asset price drifts
(Schiller, 2000) — clarifies that expectations formed by extrapolating recent trends can become
temporarily self-fulfilling. This particular concept can also be applied to households’ economic
well-being. For example, the combination of fast income growth and low interest rates can give
rise to optimistic expectations that can be gradually extrapolated to the view that the good times
will last “forever”. Households can then be inclined to tolerate a much higher level of
indebtedness. If these optimistic expectations are accompanied by steady growth in housing
prices, the overall level of debt can shoot up in a relatively short period. This way of forming
expectations is an outcome of the constrained rationality of households. Households are ready to
accept that the fast income growth is just temporary and will converge to more normal levels in
the long run. At the same time, households tend to underrate the probability that a period of
abnormal income growth will be followed by a subnormal one.

We contribute to the literature by investigating key macroeconomic factors affecting households’
economic well-being. To overcome the shortcomings of single indicators such as disposable
income, wages, and savings, we propose a composite index that captures the development of the
overall macroeconomic conditions faced by households. The index combines -eleven
macroeconomic variables most commonly found in the literature that jointly drive consumer
confidence and expectations. We refer to this index as the Households’ Macroeconomic
Conditions Index (henceforth H-MCI). The index is constructed for 22 high-income OECD
countries in Europe at quarterly frequency between 2002 and 2018.

Following recent theoretical literature on credit cycles and the formation of asset bubbles
(Nofsinger, 2012; De Stefani, 2017; Bordalo et al., 2018; Angelico, 2018), we provide a single-
country case study to offer some deeper understanding of, and economic intuition for, the values
of the index and its relationship with credit dynamics. Specifically, we use data for the Czech
economy in a dynamic model averaging framework. Our estimates show that households
generally need a longer period of good macroeconomic conditions to decide to take on a mortgage
than they do in the case of a consumer loan.

The remainder of the paper is structured as follows. Section 2 discusses the existing literature.
Sections 3 presents the methodology and data used to construct the index and provides a
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comparison of the new index with the OECD consumer confidence index. Section 4 uses the
index and investigates empirically its ability to predict the evolution of new loans and
consumption expenditure in a case study analysis for the Czech Republic. Section 5 concludes.

2. Consumer Confidence Indicators: A Short Review

Empirical studies focused on households’ expectations generally rely on consumer confidence
indicators, which, in turn, are mostly based on information obtained from household surveys.
Consumer confidence surveys, which are regularly conducted in at least 45 countries
(Curtin, 2007), have been used to provide stakeholders, particularly government policymakers and
business leaders, with timely and important information on consumer attitudes and perceptions.
Multiple studies have focused on linking consumer confidence and consumption growth.
Mishkin (1978) reported that the Index of Consumer Sentiment published by the University of
Michigan possesses good explanatory power for changes in durable goods. Acemoglu and
Scott (1994) found that consumer confidence is a leading indicator of future consumption growth
in the United Kingdom. Delorme, et al. (2001) conducted a study on consumer confidence and
rational expectations in the United States compared with the United Kingdom. Mehra and
Martin (2003) found that consumer confidence is a significant predictor for consumer spending.
Using regional data, Garrett et al. (2005) showed that consumer confidence helped in predicting
retail spending in the US. Other empirical studies researching the predictive power of consumer
confidence indicators include Belessiotis (1996), Kwan and Cotsomitis (2006), Souleles (2004),
Vuchelen (2004), and many others.

More recently, researchers have switched their focus to using consumer confidence indicators to
explain credit dynamics. Klopocka (2017) shows that consumer confidence indexes have strong
predictive power for future household borrowing. De Stefani (2017) documents that expectations
of US households contain a component of systematic extrapolative bias which is inconsistent with
full-information rational expectations theory. He shows that a change in house price expectations
has substantial effects on mortgage leverage, which increases whenever there is an expected
increase in home equity. Angelico (2018) provides empirical evidence that survey data on
expectations have strong predictive power for the dynamics of household debt. She shows that
beliefs depart from rationality at the aggregate level in a way coherent with the hypothesis of
natural expectations. A positive shock to income first generates a boom, since households fail to
forecast long-run income and get over-indebted. Eventually, expectations adjust and a bust
leading to a debt decline follows.

However, there are at least three dilemmas associated with the reliability of consumer confidence
indicators. First, given the general disunity of economists on the question of economic agents’
rationality, it remains an open question whether consumer surveys reflect a rational or irrational
assessment of households’ expectations of future economic developments. This remains a fruitful
ground for future research. Second, the question of whether to focus on changes in levels or to
consider changes between periods when analyzing consumer confidence indicators’ values is not
fully resolved. Third, it is not clear whether to focus on the actual values or the expectations of
agents. In this spirit, Ludvigson (2004) assessed the relationship between consumer confidence
indicators and the real economy. His results suggest that widely used consumer-based indexes
contain some information on future aggregate consumption spending, but most of this information
is already contained in other economic and financial indicators. According to his findings,
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“independent” additional information from consumer surveys only explains a relatively small
proportion of changes in future consumer spending.

There are also several practical disadvantages with the data acquisition methods used to calculate
consumer confidence indicators. First, the selected households may not be fully representative of
the entire population, so there may be selection bias. Second, not all respondents will complete the
survey in any given period. Third, consumer confidence indicators are based solely on the answers
to the questions asked during the survey, and other aspects of consumer confidence are not
captured. Fourth, there is a risk that respondents will not provide honest answers or give enough
time to the questionnaire.

For the above-stated reasons, it is appropriate to look for alternative ways of expressing consumer
confidence. One possibility is to create a composite index from information contained in
commonly available macroeconomic indicators. Since some studies state that households
commonly extrapolate recent and current macroeconomic conditions to the future (Bordalo et al.,
2018), such a composite data-based indicator could serve as a useful approximation of households
perceptions’ of macroeconomic conditions.

3. The Households’ Macroeconomic Conditions Index (H-MCI)

Rich and extensive data are available to analyze the household sector in developed economies.
Researchers and policymakers have access to both stock and flow data from a wide range of
sources. However, interpreting the information contained in these variables may sometimes be
difficult, because different variables may offer conflicting information about economic
developments and overall market sentiment. Moreover, obtaining the required information can be
complicated by the specific characteristics of the individual time series. Reliance on one indicator
may thus be misleading when assessing conditions in the household sector (or any other sector of
the economy). For this reason, many economists argue in favor of using a composite indicator
which provides a broader view of the conditions in the selected sector. This approach is widely
applied in analyses of, for example, the labor market (Chung et al., 2015; Willis and Hakkio,
2014; Armstrong et al., 2016), monetary policy (Babecka-Kucharcukova et al., 2016; Frait and
Malovana, 2017), and financial stress (Kremer, et al., 2012).

The proposed H-MCI uses the information contained in various economic aggregates, households’
disposable income, labor market indicators, asset prices, interest rates, and external environment
indicators. These variables form a comprehensive set of indicators reflecting the overall
macroeconomic conditions faced by households. They come from a range of sources but are, in
general, publicly available, so our proposed indicator is transparent and replicable by other
researchers.

Table 1 provides an overview of the time series that enter the composite index, along with their
definitions and sources. We use a total of eleven variables, drawn mainly from the databases of
the OECD, the Bank for International Settlements, and the ECB.! Data for some countries were
extracted directly from national statistical office or central bank databases. Table Al offers

' Note that only variables that cover a sufficiently wide range of countries over a sufficiently long time period
are selected. As a result, a number of potentially useful indicators could not be included. Still, the databases
consist of key proxy variables that are well established in the literature.
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summary statistics for the individual time series. The dataset can be divided into five logical
blocks. Block I describes the development of the economic aggregates and the income of
households. Gross domestic product and its growth is one of the most widely quoted indicators of
economic performance. Still, it may not fully reflect households’ economic conditions, especially
in the short run. Therefore, it is supplemented by gross disposable income and gross savings to get
a better picture of households’ well-being and living standards. Block II captures the labor market
situation. Compensation of employees and the number of employees provide a further indication
of households’ economic well-being and may signal potential vulnerabilities. Block III shows the
evolution of interest rates on consumer loans and mortgages. The lending rate directly influences
households’ access to credit. Since households perceive higher lending rates negatively, these
variables enter the estimate at reciprocal value. Block IV shows asset price developments.
Historically, real estate developments are a key indicator of households’ financial vulnerability.
Block V approximates the development of the external environment. For economies with a high
level of openness, the evolution of exchange rates and the terms of trade could represent a
significant force affecting domestic households’ economic conditions.

Table 1: Data Used to Estimate the H-MCI

Block | ID | Description Source Units
Gross domestic product, current prices, annual levels National
1 . ' ' ' OECD currency,
seasonally adjusted e
millions
Gross disposable income, households and non-profit National
2 | institutions serving households, current prices, quarterly levels, OECD currency,
seasonally adjusted* millions
Gross savings, households and non-profit institutions serving National
3 | households, current prices, quarterly levels, seasonally OECD currency,
adjusted* millions
Compensation of employees, households, current prices, National
4 . OECD currency,
quarterly levels, seasonally adjusted e
I millions
5 | Average registered number of employees, seasonally adjusted OECD ngriz?]r;d
Bank interest rates on consumer loans, households, ECB nathnal
6 . statistical office or % pa
outstanding amounts
" central bank
Bank lending rate on loans for house purchase, households, ECB natlo_nal
7 . statistical office or % pa
outstanding amounts
central bank
8 ReS|dent|aI property prices, nominal, broadest available BIS, ECB 2010=100
I (i.e., all types of dwelling)
9 | Share price index BIS 2010=100
10 BIS effective exchange rates, nominal, broad index, quarterly BIS 2010=100
averages
\Y Terms of trade, calculated as ratio of export prices to import
11 | prices, exports/imports of goods and services, seasonally OECD 2010=100
adjusted

Our original sample comprised 26 high-income OECD countries in Europe as defined by the
World Bank.” Due to data availability we ended up with a weakly unbalanced panel of 22
countries with a time span of 2002 QI1-2018 Q4. Table 2 provides the final list of countries

2 See, for example, World Bank (2018a, 2018b).
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together with an indication of whether the country is categorized as advanced, is a member of the
European Union, and is part of the euro area. Overall, the sample can be considered relatively
homogeneous and thus ready to use in a joint empirical framework.

Table 2: Estimation Sample

IMF OEC IMF

OECD AE EU EA D AE EU EA
AT Austria Y Y Y Y IE Ireland Y Y Y Y
BE  Belgium Y Y Y Y IT Italy Y Y Y Y
CZ  Czechia Y 2009 2004 N LV Latvia 2016 2014 2004 2014
DE  Germany Y Y Y Y NL Netherlands Y Y Y Y
DK Denmark Y Y Y N NO Norway Y Y N N
EE Estonia 2010 2011 2004 2011 | PL Poland Y N 2004 N
ES Spain Y Y Y Y PT Portugal Y Y Y Y
Fl Finland Y Y Y Y SE Sweden Y Y Y N
FR France Y Y Y Y SK Slovakia Y 2009 2004 2009
GR Greece Y Y Y Y SL Slovenia 2010 2007 2004 2007
HU  Hungary N N 2004 N UK United Kingdom Y Y Y Y

Note: * Cubic interpolation is used to transform the frequency from annual to quarterly for EE, HU, LV,
SK, and SL.

AE — advanced economy as categorized by the IMF. Y/N indicates that the country does/does not
belong to that category for the whole sample period (2001Q1-2018Q4); a specific year indicates
the year of entry.

3.1 Factor Model Estimation Procedure

There are several approaches that allow a large number of time series to be combined into a single
composite index. In the case of the indicator presented in this paper, we use factor model
estimation. Factor analysis allows for a large number of time series to be expressed as only a
handful of components (factors). The aim of factor analysis is to identify the number of significant
factors and to estimate the values of each of the factors for all the observable time series, i.e., to
describe the time series using the estimated factors. In this respect, factor analysis can also be seen
as a method for reducing the data scale.

We construct two state-space representations of a factor model. The first one is a fairly standard
factor model which describes a direct linear relationship between the N-dimensional vector of
observable variables and an M-dimensional random vector of originally unobservable factors
F = (F,, ..., E,). In this case, the observable variables enter the model in annual growth rates,
except for lending rates, which are left in levels.’ The first specification can be written as follows:

Xt =AFt+gt~N(0,R), (1)
Fo =X AiFy +u;~N(0,Q), ()

where A is a matrix of factor loadings, A; is a matrix of autoregressive coefficients for p lags, and
&, U; are 1.i.d. Gaussian error terms.

The second factor model specification takes a step further and introduces an additional two
equations decomposing the observable variables into a trend and cycle component. The factors are

3 All variables are standardized using their long-run mean and standard deviation.
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then related to the unobserved cycle (gap) component of the observable variables. By doing so,
we keep the information about the level of a given variable, which, in some cases, might be of
great importance. Let us elaborate using a simple example from the labor market. Picture a
situation in which the labor market grows for several years in a row to the point where it becomes
exhausted by insufficient supply. At this point, the number of employees might not change on a
year-to-year basis, but the country’s labor market would still be exhausted by significant upward
pressures on wages. Such a situation would be difficult to capture by year-to-year dynamics. The
second specification can be written as follows:

X, =X, + X¢, 3)

X, = AF, + &~N(0,R), 4)
F,=%F A F_y +u;~N(0,Q), Q)
X; =X;_1 +1.~N(0,H), (6)

which can be rewritten in state-space form as follows:
X = BZ, (7)
Zy=CZiq +1I, (3)
where Z; = [X;, X{, Fey1)s B = Unens Inens Onaemls

ONxN ONxN A

C = and TI,~N(0,|Onxn Inxnv  Onxm

OMxN OMxN Q

ONxN INxN 0NxM

R 0NxN ONxM
).
OMxN 0MxN A

The variables decomposed into trend and cycle components within the model are gross domestic
product, gross disposable income, gross savings, compensation of employees, number of
employees, and property prices. Except for lending rates, the remaining variables (the share price
index, effective exchange rates, and terms of trade) are in annual growth rates.*

Both factor models are estimated using the Kalman filter.’” The optimal number of factors to
estimate is based on parallel analysis’ and an assessment of the percentage of the variance
explained by the factors estimated’ (see Table A2 in the Appendix). The optimal number of lags is
set based on the Schwarz information criterion. Based on the statistical tests, our baseline model

* In this case again, all variables are standardized using their long-run mean and standard deviation.

> The initial conditions are set as follows. Firstly, we estimate A and F by applying principal component analysis
to the covariance matrix of X (the first factor model) or X (the second factor model); X is estimated using a
simple Hodrick-Prescott filter with lambda equal to 1,600. Secondly, we obtain A and Q by estimating a vector
autoregression (VAR) model on F; R and H are set to be identity matrices.

% The results of the parallel analysis are not reported, but are available upon request.

7 We set the threshold level of the variance explained to at least 70%. This condition is satisfied by models with
three estimated factors for all sample countries. Hair et al. (2012) state that the acceptable variance explained in
the social sciences for a construct to be valid is 60%. By extracting information from 803 substantive factor
analyses, Peterson (2000) shows that the average percentage of the variance accounted for is about 60%.
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specification is a factor model with three factors and one lag.® The final indexes are robust to the
inclusion of additional factors, as the variance explained by three factors is already high. The
index 1is also relatively robust to the exclusion of the third factor, as most of the variance is
explained by the first two factors in most cases.

The paths of the resulting growth and gap versions of the H-MCI are shown in Figure 1. The
synthetic indicator is constructed for each country in the sample as a weighted average of the
individual factors, with the weights corresponding to the percentage of the total data variability
explained by the factors. The resulting index is then standardized.” This means that for each
estimate the long-term mean is zero. Positive values signal favorable macroeconomic conditions
(above-average conditions) and negative values unfavorable macroeconomic conditions (below-
average conditions). These are then reflected in households’ optimism or pessimism about the
future economic outlook. The more distant the indicator is from zero, the more
optimistic/pessimistic the outlook is. As is apparent from the graph, the H-MCI describes
households’ evolving macroeconomic conditions across countries fairly well. At the beginning of
the period under review, macroeconomic conditions were affected by the echoes of the Dot-com
bubble burst and the resulting decline in aggregate demand. During the Great Moderation that
followed, we see a gradual increase in the H-MCI values, reflecting a general improvement in
households’ conditions and perception of their economic situation. In this context, long-lasting
accommodative monetary policy was found to be one of the significant factors in the
accumulation of imbalances that led to the GFC outbreak (Obstfeld and Rogoft, 2009; White,
2009'%). In particular, Maddaloni and Peydro (2013) and Jiménez et al. (2014) explain how low
short-term rates helped to boost credit and macroeconomic dynamics through their contribution to
the softening of lending standards during the pre-GFC times. The favorable macroeconomic
conditions were shattered with the onset of the GFC in 2008-2009, and the negative mood
persisted essentially until the end of 2014. Since 2015, optimism has prevailed in the H-MCI,
which reached the pre-GFC levels at the end of 2017. This rise in optimism has been fed mostly
by favorable macroeconomic developments, but also by a long period of historically low interest
rates.

¥ We do not record any missing data in our sample. Since we work with aggregate time series for the entire
economy, we do not winsorize the data.

? The index is standardized using the z-score formula. The z-score is calculated for each country as the difference
between the actual value of the H-MCI and its long-run average divided by its long-run standard deviation; it
expresses the distance of the index in a given year from its historical mean expressed in terms of the number of
standard deviations. This allows its relative position in relation to the historical data to be assessed. As the
number is based on the assumption of a normal distribution, 68% of the outcomes are going to be no more than
one standard deviation unit away from the mean, and 95% of the outcomes are going to be no more than two
standard deviation units away from the mean.

' Schularick and Taylor (2012) look at the issue of monetary policy, credit booms, and subsequent episodes of
financial instability from a much longer historical perspective.
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Figure 1: The H-MCI for Selected Countries
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Note: The index is standardized using its long-run mean and standard deviation; the vertical axis shows
the standard deviations. The H-MCIs for individual countries are depicted in Figure A2 in
Appendix A.

3.2 Comparison of the H-MCI and the Consumer Confidence Index

Despite the widespread use of surveys of consumer confidence in various economic applications,
the mechanisms by which households’ attitudes influence the real economy are rarely discussed.
One may thus ask whether consumer confidence indicators contain meaningful and independent
information about economic developments, or if they just repackage the information already
contained in basic economic indicators. This issue was addressed in Ludvigson (2004) and more
recently in Barnes and Olivei (2017). There is a consensus that the role of consumer sentiment in
consumption is typically small from an economic standpoint, even if often statistically significant.
One might argue that the CCI possesses some time advantage over macroeconomic indicators,
which are often revised. The CCI can thus be considered a better real-time predictor. However, we
show that the CCI loads on current macroeconomic data and thus uses the same historical
information subject to revisions. It is thus expected to perform equally well or badly as
macroeconomic indicators.

To give this body of literature some justice, we briefly compare the economic outcomes of the
two H-MClIs and the consumer confidence index (CCI) published by the OECD. The CCI is
calculated as a simple average of answers to questions regarding respondents’ past and future
(expected) financial situation, expected economic situation, and unemployment expectations. The
CCl is thus constructed as forward-looking, since the questions dealing with expectations over the
next 12 months are strongly favored (three to one).

When looking at the evolution of the two H-MClIs and the CCI, we spot a significant correlation
between the two types of index for a majority of countries in the sample (see Figures A2 and A3
and Table A3). The correlation is generally higher when both indexes are considered at time ¢, but
one must keep in mind that the CCI is meant to be forward-looking (four quarters ahead). This
explains why the correlation remains strong even when we consider the lagged H-MCI (t + 4)
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and the CCI (t). Overall, this supports the view that households’ optimistic/pessimistic
expectations captured in the CCI are tightly linked to the current development of macroeconomic
conditions. We further check whether the simple bivariate statistics can survive increasingly
demanding statistical tests.

Table 2 shows how well the CCI can be explained by the lead and lagged values of the H-MCI. It
serves as a natural check of whether the responses of economic agents are built on the current,
expected, or past values of the basic macroeconomic aggregates that form the H-MCI. The
independent variables include up to four lags and leads of the H-MCI. For each specification, we
present the parameter estimate and the adjusted R-squared statistic to see how well the H-MCI can
explain the formation of CCI values.

The results point to several key findings related to the growth version of the H-MCI. First, the
growth version of the H-MCI has significant explanatory power for the CCI at all leads and up to
two lags. The highest parameter values and R-squared are reported for the H-MCI at time ¢ or
t + 1, while the lowest are found for the lagged H-MCI values (t —4). This confirms that the
forward-looking CCI loads on current values of economic variables. Second, the fact that the
model’s explanatory power decreases with the lag of the H-MCI means that households’
expectations are not all that adaptive. In another words, households value current economic
information more than past economic information. This echoes the fact that the current H-MCI
values explain a significantly larger portion of the CCI than the lagged values (43% vs 19% on
average). Third, increasing the lead of the H-MCI modestly increases the explanatory power for
the CCI values. At time t + 2, the H-MCI tends to explain over 50% of the CCI variation. This
shows that households tend to extrapolate expectations of current economic conditions into the
future.

The gap version of the H-MCI has much lower explanatory power than the growth version at its
current value and at lagged values. This significantly limits the ability of this version to be used as
an alternative to the CCI or, in general, as a leading indicator of households’ macroeconomic
conditions. However, the gap version of the H-MCI may still serve well as a backward-looking
indicator, because it is able to capture the conditions ex post. Its main value added is that it takes
into consideration long-run trends and the deviation from these trends. Nevertheless, this feature
possibly also explains why the index is not forward-looking and reliable at the end of the sample
period."!

' Any filtration technique trying to separate the trend from the cyclical component suffers to some extent from
end-point bias.
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Table 2: Relationship between the H-MCI and the CCI at Different Lags and Leads

Dependent variable:

1 R2
Consumer Confidence Index (CCl) Parameter Adj.R No. of Obs.

H-MCI (growth version)

H-MCI (t+4) 0(0532;)* 0.32 1173
H-MCI (t+3) 0(81032) 0.43 1,194
H-MCI (t+2) (20632;;* 050 1,215
H-MCI (t+1) O(OGSiZ)* 0.50 1236

H-MCI (0 0(81832) 043 1,257
H-MCI (1) 3535)* 033 1,236
H-MCI (2) 0(51324) 022 1,215
H-MCI (-3) O((fg‘z‘S) 0.13 1,194
H-MCI (t-4) 0(02(7323* 0.07 1173

H-MCI (gap version)

H-MCI (t+4) 0(53334) 0.32 1,189
H-MCI (t+3) %gggz;* 0.28 1,210
H-MCI (t+2) 0(04826) 0.20 1,231
H-MCI (t+1) 0((%%7) 0.10 1,252

H-MCI (1) 0(01822)* 0.02 1,273
H-MCI (t-1) (8:8‘2%) 0.02 1,252
H-MCI (-2) (()0183;;* 0.01 1,231
H-MCI (t3) (()0255;;* 0.03 1,210
H-MCI (t-4) (()038279) 0.07 1,189

Note: This table presents estimates based on panel data regression with country fixed effects for
21 countries between 2002 Q1 and 2018 Q4 (see Figure A2 in Appendix A for the individual time
series). The specification is as follows: CCl;; = aHMCl;;_p, + v; + €;¢, where p = —4,-3,...,4;
the panel is weakly unbalanced. Standard errors are reported in parentheses. ***, ** and * denote
the 1%, 5%, and 10% significance levels.

Figure 2 shows the evolution of the model parameters when differentiating between the sample of
advanced and emerging market economies. This empirical exercise is meant to reflect the fact that
emerging markets have been widely understood to have higher stock price volatility, weaker
market efficiency, lower liquidity, and higher macroeconomic and policy uncertainty. “Animal
spirits” might thus influence the real economy more than in advanced economies. Interestingly,
our estimates argue against a significant role of sentiment (as determined by consumer opinion)
and in favor of extrapolative expectations in both advanced and emerging market economies. The
parameter values and the adjusted R-squared remain high when considering current values of the
growth version of the H-MCI, which supports our previous statements. The negative coefficient
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estimates of the gap version of the H-MCI at higher lags are driven mainly by emerging market
economies. This may point to the difficulty of separating trend and gap components in economies
whose convergence is not finished yet and whose data series are usually shorter.

Figure 2: Relationship between the H-MCI and the CCI at Different Lags and Leads —
Advanced Economies vs Emerging Market Economies

H-MCI (growth version)

H-MCI (gap version)

0,8 -
0,7 1
0,6
05 -
0,4 ~
03 - |
0,2 ~
0,1 1
0,0 . ‘ ‘ ‘ ‘ ‘ ‘ . ﬂ - -0,6
tt4 t+3 t+2 t+1 t t1 t2 t3 t4 t+t4 t+3 t+2 t+1 t t1 t2 t3 t4
C—JAdjusted R-squared C—JAdjusted R-squared
—— Advanced Economies —=—Advanced Economies
—&— Emerging Market Economies —=—Emerging Market Economies
Note: The figure sums up the estimates based on panel data regression with fixed effects.

4. Case Study Analysis: The H-MCI and Credit Dynamics in the Czech
Republic

This section turns to a case study of the Czech Republic to offer some deeper understanding of,
and economic intuition for, the values of the H-MCI and its relationship with credit dynamics.
After a period of transformation in the early 1990s, the Czech Republic went through a deep
banking crisis during 1996-2000. Since then, the economy has gone through a full business and
financial cycle. It was hit by the GFC, which resulted in a short recession and a partial loss of
confidence. Since the Czech Republic is a small open economy, the slowdown in GDP growth
was caused predominantly by economic spillovers from its trading partners, while the Czech
financial sector remained sound throughout the recession. Given the structure of the economy,
which is largely export-oriented, it would be interesting to see (among other things) to what extent
the domestic macroeconomic conditions, as captured by the H-MCI, are affected by external
developments. Because the growth version of the H-MCI possesses more favorable forward-
looking features than the gap version, we focus solely on the growth version of the index.

Figure 3 shows the contributions of the individual estimated factors to the aggregate H-MCI."
From that and a visual inspection of the raw time series (see Figure C2 in Appendix C), we can
draw conclusions about their possible interpretation. To lay some statistical support, we also

'2 Results of robustness and sensitivity tests of the H-MCI estimation can be found in Appendix D.
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check for correlations of sub-groups of variables with the estimated factors. It seems that Factor 1
captures the evolution of major macroeconomic aggregates and asset prices. In the context of the
period analyzed, it captures the typical situation in a period of prosperity where GDP,
employment, wages — and, with them, disposable income — are rising. The increasing income and
wealth lead to growth in property prices and stock prices. Factor 1 strongly follows the
development of the economy and contributes significantly to the growth in the overall index.
Factor 2 captures the development of lending rates and the echoes from the domestic labor market
in the form of employment growth. As such, it has been contributing to growth in the overall
index since the second half of 2011, when interest rates reached all-time lows compressed to all-
time lows. It has been gaining momentum since 2013, and its contribution remains high until the
end of the period analyzed. Factor 3 loads on households’ savings, disposable income, and share
prices, but given the structure of the financial system, which is largely bank-based, and the
relative conservativeness of Czech households, its contribution to the overall index is minor.

Figure 3: H-MCI Decomposition for the Czech Republic

2,5 mmmm Domestic economy and asset prices mmm | ending rates
2,0

15
1,0
0,5
0,0
-0,5
-1,0
-15
2,0
25

mmmm Households' wealth e H-MCI (growth)

03/02 12/04 09/07 06/10 03/13 12/15 09/18
Note: The vertical axis reflects the standard deviation. The graph depicts the growth version of the H-MCI.

To explore the relationship between the H-MCI and credit dynamics, we resort to a simple
forecasting exercise. Specifically, we use the method of dynamic model averaging (DMA),
originally introduced for engineering applications in Raftery et al. (2010). Koop and Korobilis
(2011, 2012) were among the first to implement DMA in an economic application to forecast US
and UK inflation. DMA consists of many time-varying coefficient regression models formed from
all possible combinations of the predictors available to the practitioner. It allows the forecasting
model to change over time while allowing the coefficients in each model to evolve over time. It
can be seen as an extension of the more traditional Bayesian model averaging (BMA) into a time-
varying framework. Our baseline prediction model takes on the following form:

k k k
e = 206® 1 8 (6)
k k k
J =&l 4, (7)

where y; is the dependent variable to be forecasted. In our application, y; is the annual growth
rate of new loans to households. We differentiate between types of loans, i.e., we consider two
separate models for consumer loans and mortgages. Additionally, we consider consumer spending
as a forecasted variable. Zt(k) for k = 1,2, ..., K denotes a specific predictor set. We consider the
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H-MCI and past values of the predicted variable as potential predictors (up to lag four). In the
end, we are merely interested in finding out if the inclusion of the H-MCI yields any additional
gains over the information content in the past values of the forecasted variables. st(k), ngk) are error
terms that are N (0, Vt(k)) and N (O, m(k)) respectively. Details on the estimation procedure are

available in Appendix D.

The main outcome from DMA is a posterior inclusion probability (PIP). The PIP refers to the sum
of the probabilities (E“t_l'k) that a given predictor will be included among the set of viable
predictors in the forecasting model k(k = 1,2, ..., K) of DMA at time t. In other words, the higher
is the value of PIP, the more forecasting weight is assigned to the given predictor and the higher
forecasting power that predictor has.

Figure 3 shows the estimated PIP values and their development across time for models with
different forecasted horizons. To reduce visual cluster, we only report PIP values for models
containing the H-MCI as a predictor and omit the rest. From visual exploration, it is apparent that
there are some differences between the models predicting growth of consumer loans and
mortgages. Specifically, the H-MCI is found to be a dominant predictor of consumer loan growth
at short horizons (up to three quarters) and of mortgage growth at long horizons (from six quarters
up). This shows that households generally need a longer period of good macroeconomic
conditions to decide to take on a mortgage than they do in the case of a consumer loan.

Figure 3: Posterior Inclusion Probabilities for Credit Models Containing the H-MCI

Growth in new loans for consumption Growth in new loans for house purchase
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0,0 0,0

03/05 03/07 03/09 03/11 03/13 03/15 03/17 03/05 03/07 03/09 03/11 03/13 03/15 03/17

1m0 e—h=4 h=6 h=8 120 e—=4 h=6 h=8

Note: The time axis corresponds to the forecasted variable. The raw credit data in levels are transformed
before estimation using 12-month moving averages to overcome their seasonality patterns. The
data enter the estimation in annual growth rates.

Motivated by the large body of literature that discusses the role of consumers’ attitudes in their
consumption behavior, we check the predictive power of our proposed index in relation to the
growth in the consumption expenditure of households. This exercise mimics the previous one,
i.e., lagged values of consumption growth are the competitor of the H-MCI. As is apparent from
the PIP values (Figure 4), models containing the H-MCI convincingly dominate their competitors



Introducing a New Index of Households’ Macroeconomic Conditions 15

over the entire sample. The PIP decreases sometime around the GFC, which means the H-MCI
performed worse during this period than the lagged values of consumer expenditure. This is not
surprising given the growing body of literature that discusses the role of non-fundamental factors
in explaining households’ consumption behavior (Dees and Brinca, 2013; Bailey et al., 2017).

Figure 4: Posterior Inclusion Probabilities for Consumption Models Containing the H-MCI
Growth in households' expenditure on consumption
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Note: The time axis corresponds to the forecasted variable. The data enter the estimation in annual
growth rates.

5. Conclusion

In the paper, we construct a novel index of households’ macroeconomic conditions (the H-MCI)
for 22 high-income OECD countries in Europe at quarterly frequency between 2002 and 2018.
The proposed index combines the information contained in various economic aggregates,
households’ disposable income, labor market indicators, asset prices, interest rates, and external
environment indicators. The variables come from a range of sources but are, in general, publicly
available, so our proposed index is transparent and replicable by other researchers. We
demonstrate that the evolution of the H-MCI is in line with the broad characteristics of the
business cycle. The index is robust to variable and estimator choice and to the estimation period.
Overall, the index is an improvement over the traditional measures of households’ economic
conditions. As such, it may be used in various empirical exercises analyzing or controlling for the
impact of households’ macroeconomic conditions.

We discuss the favorable statistical characteristics of the proposed index in relation to widely
employed consumer confidence indexes. In a simple empirical framework, we compare the
outcomes of the H-MCI and the popular consumer confidence index (CCI) published by the
OECD. We report a strong correlation when considering the contemporaneous relationship
between the two indexes. We find support for the view that the CCI contains some new
information, but most of this information is already contained in the other economic and financial
indicators that form the H-MCI. In other words, we show that the CCI loads on current
macroeconomic data and thus uses the same historical information subject to revisions.
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As an example of potential application, we use the index in a single-country case study.
Specifically, we test its ability to predict the evolution of new loans extended to households in the
Czech Republic. In the process, we differentiate between consumer loans and mortgages, since
they represent different decision-making processes of households. We find that the predictive
performance of the H-MCI is high for consumer loans at short horizons. In the case of mortgages,
we report quite the opposite. At short horizons, the H-MCI performs equally as well (or badly) as
a simple autoregressive process. However, at longer horizons, we find the H-MCI to be a
dominant predictor of growth in new mortgages, suggesting a need for a longer period of good
macroeconomic conditions for households to take on a mortgage.

In a potential extension of our work, one might follow the rich discussion on the role of non-
fundamental (rational or irrational) drivers of economic development. The decision of households
regarding their indebtedness can be influenced by both fundamental and non-fundamental factors.
For example, a long period of “good times” may give the illusion that these times will continue
into the future and that the inevitable turn in the cycle will not occur or will occur further in the
future or to a lesser extent. Such extrapolative expectations cannot be considered fully rational
and can encourage households to become over-indebted. Taken as such, the deviations of
consumer attitudes from fundamental drivers (H-MCI) of credit dynamics may reflect the
uncertainty surrounding the economic environment.
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Appendix A: Factor Model

A. 1 Data

Table Al: Summary Statistics of Variables Entering the Factor Model

ID 1 2 3 4 5 6 7 8 9 10 11
GDP GDI GS Compensation Employment Lc%r;](iln% ;itse hlzjir:ij:;;gléztr?s Property prices Share prices NEER ToT
(YoY growth, %) (YoY growth, %) (YoY growth, %) (YoY growth, %) (YoY growth, %) (%' na) (% pa) (YoY growth, %) (YoY growth, %) (YoY growth, %) (YoY growth, %)
Mean StDev. Mean StDev. Mean StDev. Mean StDev. Mean StDev. Mean StDev. Mean StDev. Mean StDev. Mean StDev. Mean StDev. Mean St.Dev.

AT 34 20 31 2.2 3.0 12.0 35 13 0.9 0.7 47 13 34 13 44 35 10.1 26.0 0.3 19 -0.2 1.2
BE 33 1.9 29 19 0.6 8.7 30 16 0.9 0.7 5.7 11 39 1.0 4.4 3.7 6.3 20.6 0.6 25 -0.3 15
Ccz 4.4 33 4.0 25 4.7 145 5.1 35 0.7 11 13.6 12 4.7 13 6.6 11.2 9.0 24.8 24 5.6 0.1 19
DE 2.7 2.3 2.3 12 33 31 28 17 038 0.7 5.8 0.9 4.4 1.0 2.2 29 71 20.2 0.6 32 0.1 20
DK 29 25 34 3.7 28.3 90.7 31 20 0.3 15 6.1 14 51 1.4 44 8.7 10.2 218 0.7 2.7 05 14
EE 7.0 8.9 7.2 7.2 -53.4 4855 79 9.4 0.7 42 85 16 29 1.4 73 19.0 10.6 31.2 0.5 2.2 0.6 1.7
ES 31 39 2.8 35 45 347 2.7 4.6 0.8 32 5.9 0.4 30 13 31 95 4.0 20.5 05 2.2 0.1 24
Fl 29 32 34 2.2 114 48.0 29 2.3 0.7 15 4.2 11 25 13 32 36 49 20.6 0.8 2.8 -0.7 2.2
FR 25 1.9 24 17 2.2 6.5 26 11 05 0.6 6.0 12 39 0.9 4.1 6.3 5.0 18.1 0.5 2.6 0.0 17
GR 11 58 0.7 71 -120  364.7 16 7.6 0.2 29 10.7 0.9 39 11 0.3 74 -1.3 320 0.7 2.3 0.3 24
HU 5.2 35 4.6 25 75 16.6 48 35 1.0 20 7.1 0.9 4.9 1.2 4.4 8.1 12.6 29.4 -1.5 53 -0.3 14
IE 6.0 9.4 37 5.1 12.3 335 41 59 15 35 6.5 1.0 33 0.8 29 125 5.9 24.0 0.9 4.0 -0.6 26
IT 17 2.3 15 21 0.7 10.1 2.2 2.2 0.3 12 5.9 0.9 37 11 0.9 43 2.2 19.8 0.6 2.7 0.1 28
Lv 5.4 12.6 53 108  -83.3 939.8 71 15.9 0.9 5.2 8.6 25 34 13 35 175 8.4 275 05 18 038 34
NL 28 24 2.3 19 5.6 179 25 1.9 0.6 13 55 0.8 4.5 0.6 18 47 4.2 19.3 0.6 2.9 0.1 1.0
NO 5.4 5.4 5.1 31 9.5 28.5 5.4 2.8 12 14 58 18 4.0 1.2 6.1 48 15.8 25.3 0.9 55 2.2 10.1
PL 6.0 2.7 53 24 154 68.7 6.6 33 12 18 117 26 53 13 6.9 19.7 9.0 26.3 0.0 75 03 2.7
PT 2.3 29 2.1 29 32 395 18 35 0.2 21 8.0 0.6 2.8 15 12 5.2 56 20.2 0.4 13 0.4 21
SE 4.0 2.7 4.5 15 12.7 16.4 4.4 1.9 12 12 6.1 11 31 11 6.5 5.1 9.1 20.0 -0.5 54 0.1 1.0
SK 4.6 48 4.5 34 6.9 142 5.7 35 12 21 9.4 21 45 13 55 114 -0.7 16.2 2.1 4.4 -0.8 0.9
SL 25 39 26 31 1.0 12.6 2.7 4.1 0.6 2.0 5.8 0.9 34 14 0.3 6.7 -5.0 22.2 0.3 15 0.1 21
UK 38 2.0 3.7 15 4.0 21.9 38 24 0.9 0.9 8.0 11 4.2 13 55 7.0 19 14.3 -1.2 6.1 05 17

Note: For exact definitions and data sources, see Table 1.



A. 2 Statistical Tests

Table A2: Cumulative Percentage of the Variance Explained by Individual Factors

Estimation with growth rates Estimation with gaps
F1 F2 F3 F1 F2 F3
AT 41% 65% 81% 41% 68% 86%
BE 46% 66% 78% 45% 73% 92%
CZ 39% 66% 81% 44% 73% 88%
DE 53% 67% 80% 46% 71% 85%
DK 30% 53% 73% 35% 59% 74%
EE 34% 58% 76% 31% 58% 79%
ES 46% 67% 83% 44% 72% 92%
FI 28% 50% 67% 39% 63% 79%
FR 37% 68% 83% 34% 57% 81%
GR 40% 65% 80% 45% 64% 81%
HU 36% 59% 73% 49% 74% 89%
IE 28% 53% 74% 44% 63% 79%
IT 47% 65% 82% 39% 67% 84%
Lv 38% 67% 86% 42% 66% 85%
NL 40% 67% 83% 38% 74% 84%
NO 38% 63% 7% 37% 69% 83%
PL 32% 56% 73% 46% 72% 86%
PT 33% 57% 71% 45% 68% 80%
SE 41% 64% 7% 58% 80% 92%
SK 46% 68% 84% 48% 65% 80%
SL 43% 68% 82% 38% 64% 88%
UK 38% 61% 72% 35% 65% 83%
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A. 3 H-MCI Values for Selected EU Countries

Figure Al: The H-MCI for Selected Countries
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The index is standardized using its long-run mean and standard deviation; the vertical axis shows

the standard deviations. The H-MClIs for individual countries are depicted in Figure A2 in
Appendix A. AEs — advanced economies as categorized by the IMF for the whole sample period
(AT, BE, DE, DK, ES, FI, FR, GR, IE, IT, NL, NO, PT, SE, UK); EMEs — emerging market
economies (CZ, EE, HU, LV, PL, SK, SL).
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Figure A2: The H-MCI for Selected European OECD Countries (Estimated with Annual
Growth Rates)
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Figure A3: The H-MCI for Selected European OECD Countries (Estimated with Gaps for
Selected Variables)
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Table A3: Correlations

HMCI growth (t) HMCI growth HMCI gap (t) HMCl gap (t+4)  HMCI growth (t)

vs CCI (1) (t+4) vs CCI (1) vs CCI (1) vs CCI (1) vs HMCI gap (t)
o 051+ 056" 0.09 0.60+* 047"
(4.63) (5.35) (0.75) (5.95) (4.24)
o 0.25% 0.6+ 011 046" 0,62+
(2.01) (6.85) (-0.89) (4.10) (6.21)
079" 0,76+ 0,614+ 071 0,79+
Cz (10.63) (9.36) (6.17) (8.12) (10.51)
o 049" 0.21* 0.06 0614 0.20*
(4.63) (L.70) (-0.50) (6.26) (-1.69)
e 078w+ 0.46% 022 0.83++* 013
(9.08) (3.65) (1.63) (10.97) (0.89)
. 0414 0,57+ 003 0454+ 0,66+
(3.49) (5.39) (0.23) (3.97) (7.01)
" 058 0.5+ 0.22* 0.30% 0.7+
(5.54) (5.63) (L73) (2.51) (9.36)
o 0,794+ 0,87+ 0,564+ 0714+ 083"
(10.37) (13.80) (5.32) (8.04) (11.78)
o 0.85%+ 0,65+ 015 0.20* 003
(12.82) (6.84) (-1.25) (-1.67) (0.27)
" 069" 0,67+ 013 037+ 0,69
(6.95) (6.93) (0.97) (2.92) (7.13)
0.78" 0,53+ 0,53 065" 0.5+
& 0.92) (4.93) (4.89) (6.72) (5.85)
. 058 0.66 003 0.27% 0.14
(5.60) (6.85) (0.27) (2.22) (112)
v 0944+ 0.5+ 0.04 051 0.09
(19.23) (4.78) (-0.30) (4.22) (-0.63)
" 0.73 0,56+ 031+ 0.77% 0,51+
(8.40) (5.34) (2.60 (9.55) (4.58)
oL 0714+ 031 0.23* 0.60%+* 023
(7.18) (2.32) (L.75) (5.47) (L67)
0.8 0,53+ 0574+ 0.70% 0,43
PT (14.78) (4.94) (5.40) (7.82) (3.71)
0.82%+ 0.6+ 0.71m 079" 0,86+
SK (10.24) (6.13) (7.05) (9.20) (11.97)
o 0.73 0,56+ 0.20 049" 0,46+
(6.96) (4.39) (1.39) (3.83) (3.31)
e 0.76++* 063 0.14 031 033"
(9.26) (6.43) (L07) (2.54) (2.73)
o 048 0,53+ 0.06 0.71% 0,70
(3.95) (4.53) (0.48) (7.18) (7.13)
K 059" 0,31 003 017 0,30
(6.12) (2.71) (-0.25) (L41) (2.66)

Note: T-values in brackets. Statistical significance at the 1%, 5%, and 10% level is indicated by ***, **
and *, respectively.
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Appendix B: Dynamic Model Averaging

Given m predictors, the total number of possible combinations of forecasting models is K = 2™.
DMA incorporates the uncertainty factors from these K = 2™ models as follows:

~ k)r ~(k
Ve = Yik=1 y(t|t—1,k)Zt(—)1 t(—)1' (B.1)

where the probability of model k is y(¢t—1x) = Prob(L|Y*™"). L; € {1,2, ..., K} denotes which
model applies in each time period. DMA obtains the forecasting result at any point in time by
taking the average of all the K models according to their historical forecasting performances

Y(t|t-1,k)-

The estimation procedure introduced in Raftery et al. (2010) is rather straightforward and is based
on the Kalman filter method. The initial assumption is that ft(’f)l is independent and identically

distributed and can be determined separately only if L,_; = k. Raftery et al. (2010) then consider
a so-called forgetting factor A. The forgetting factor is used to simplify the calculation of Et(’f)l,
where it assigns period j weight A/ from the starting period. A is also used to simplify the

covariance matrix of Et(’f)l The whole process is described as follows:

(k) _ ()

€t|t—1 - ‘ft—1|t—1' (B.2)
(k) _ 1s(

Zt|t—1 - Zzt—1|t—1' (B.3)

where Zg?_l is the covariance matrix. DMA estimates its parameters by the following equations:

2(k 2(k k k k k)ra(k K1 k)1 ek
£ = 00 45 0000 4 00p00 G0y L 0re®)) (g g

t|t t—1|t—1 t|t-14t-1 t|t—1*t-1

k) _ v ) (k) (k) ©re() ()L (k) w0
Xaf = Zpemr — ZimaZea Ve H X D1 Xe 1) ZecaZggion (B.5)

where eq. (B.3) is solved by using the forgetting factor A with Wt(k) =QA1- 1)Z§ﬁ)_1. It is
common to choose a value of 4 near one, suggesting gradual evolution of the coefficients.

A second forgetting factor « is used to reduce the calculation time and error in eq. (B.1). If we
were to use a transition matrix of probability, we would have to consider K = 2™ model
combinations with m predictors at each time point. For large m, the computational burden would
be too large. Raftery et al. (2010) suggest replacing the model prediction equation:

Vejt-1,k = Z{(=1 Ve-1t-1,1Pk,1» (B.6)
with

Vicqje-
Yelt-1,k = S (B.7)

5 yéx—1|t—1,l’
where « is set to a value near one in a similar spirit to that of 1. In fact, Raftery et al. (2010)
indicate that if a =4 =1, then DMA can be treated as BMA without any forgetting. In our
application, we follow Raftery et al. (2010) and Koop and Korobilis (2012) and use a constant
forgetting factor of A = @ = 0.99 in each period. This means setting a rather non-informative
prior over the models Yoo = 1/K (initially, all models are equally likely) and a relatively diffuse
prior on the initial conditions of the states f(gk)~N (0,100).
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Appendix C: Robustness Checks and Individual Factors for the Czech
Republic Case Study

The robustness and sensitivity analysis of the selected model specification for calculating the
H-MCI is performed with respect to the number of factors and the estimation period. Firstly, a
different number of estimated factors does not significantly change the result of the index.
Secondly, the index is also robust to shortening the estimation period.

Figure C1: Robustness Checks

a) Different number of estimated factors b) Historical simulations
37 = Baseline 31 = Baseline
2 factors = Est. 2017 Q4
27 = 4 factors 2 A ———Est. 2016 Q4
e factors e Est. 2015 Q4
11 Est. 2014 Q4
0 1 f
2] w
-2 2 |
-3 - 3
03/02 03/06 03/10 03/14 03/18 03/02 03/06 03/10 03/14 03/18

Figure C2: Development and Correlation Analysis of the Estimated Factors

a) Development of estimated factors b) Correlations of estimated factors and
underlying data
3 1 ID Variable F1 F2 F3
2 ] 1 GDP 0.81***  -0.26** -0.07
2 GDI 0.82*+* -0.13 0.36***
17 3 GS 0.12 -0.10 0.78***
0 1 4 Compensation ~ 0.94**  -0.12 -0.09
1 - 5 Employment 0.65%**  0.40*** -0.20
6 Lendingrate CL =~ 0.59**  (.55*** 0.06
2] 7 LlendingrateHL 017  0.89%  0.06
-3 1 8 Property prices ~ 0.72%*  .0.09  -0.50*
4 ] 9 Share prices 031 -0.617*  0.41%
03/02 12/04 09/07 06/10 03/13 12/15 09/18 10 NEER 0.60***  -0.29* -0.09

F1 F2 F3 11 ToT -0.06 -0.12 -0.34%*

Note: Factors are not standardized. Growth version of the H-MCI. Except for lending rates, the data in
panel b) are in growth rates.
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