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Abstract

This paper introduces a new methodology to date systemic financial stress events in a
transparent, objective and reproducible way. The financial cycle is captured by a monthly
country-specific financial stress index. Based on a Markov-switching model, high
financial stress regimes are identified, and a simple algorithm is used to select those
episodes of financial stress that are associated with a substantial negative impact on the
real economy. By applying this framework to 27 European Union countries, the paper is a
first attempt to provide a chronology of systemic financial stress episodes in addition to
the expert-detected events that are currently available.

JEL classification: C54, G01, G15

Bank classification: Central bank research; Econometric and statistical methods;
Business fluctuations and cycles; Economic models; Financial markets; Financial
stability; Monetary and financial indicators; Financial system regulation and policies

Résumé

L’article qui suit présente une nouvelle méthode permettant de dater les événements
porteurs de tensions financiéres systémiques de fagon transparente, objective et
reproductible. Le cycle financier est représenté par un indice mensuel de tensions
financiéres propre a chaque pays. A ’aide d’un modéle de Markov avec changement de
régime, les événements caractérisés par de fortes tensions financiéres sont recensés, apres
quoi sont sélectionnés, au moyen d’un algorithme simple, les épisodes de tensions
associés a un effet négatif important sur 1’économie réelle. Par 1’application de ce cadre
analytique a 27 pays de 1’Union européenne, I’article constitue une premicre tentative
d’établir une chronologie des épisodes de tensions financieres systémiques, en
complément des événements actuellement identifiés par les spécialistes.

Classification JEL : C54, G01, G15

Classification de la Banque : Recherches menées par les banques centrales; Méthodes
économétriques et statistiques; Cycles et fluctuations économiques; Modeles
économiques; Marchés financiers; Stabilité financiére; Indicateurs monétaires et
financiers; Réglementation et politiques relatives au systéme financier



Non-Technical Summary

It is widely agreed that the global financial crisis that started in 2007 was an episode of
severe financial market stress, which spilled over to the real economy causing the Great
Recession. However, it is much more difficult to identify and classify other periods of, pos-
sibly systemic, financial market stress. The expert-based approach to identifying episodes
of systemic financial stress prevails so far, but an objective and reproducible method for
the detection of periods of low and high financial stress is lacking. A comprehensive
analysis of the succession of tranquil and stress periods is a prerequisite to determin-
ing the leading indicators of systemic financial stress and evaluating the effectiveness of
prudential policies implemented over the course of the financial cycle.

This paper provides a new framework for a transparent and objective identification of
systemic financial stress episodes, i.e., periods of high financial stress associated with a
substantial and prolonged decline in real economic activity. By applying the framework
to the countries of the European Union (EU), this is the first paper to build a consistent
monthly chronology of EU systemic financial stress episodes beyond the expert-detected
crises currently available. In fact, a continuous measure of financial stress is converted
into a binary systemic stress dummy, commonly used in early-warning models.

The model-based framework consists of three steps. First, we build on the existing
financial stress literature and construct a simple country-specific financial stress index
for 27 EU countries starting as early as 1964 for core EU countries. The essential feature
of the financial stress index is that it captures co-movements in key financial market
segments. Second, we apply the Markov-switching model, commonly used in the business
cycle dating literature, to endogenously determine low and high financial stress periods.
Third, in order to characterize the systemic nature of financial stress episodes, we create
a simple algorithm to select the episodes of financial stress that are associated with a
significantly negative impact on the real economy.

We identify 68 systemic financial stress episodes that are defined as coincident periods
of financial market and real economic stress, possibly reinforcing each other. Financial
market stress is considered to be “systemic” if there are six consecutive months of real
economic stress within at least one year of financial market stress. Real economic stress
corresponds to a simultaneous decline of both industrial production as well as GDP.

Our model-implied systemic financial stress dates encompass about half of all reces-
sionary events and are shown to be consistent with many expert-detected crises. 82% of
the systemic financial stress dates we identify are also included in crises datasets compiled
by experts. We capture, respectively, 100%, 92%, 90% and 89% of the banking crises
identified by Laeven and Valencia (2013), Babecky et al. (2012), Detken et al. (2014) and
Reinhart and Rogoff (2011). In addition, our systemic financial stress dates tend to be

robust to event-reclassification once new data become available.



1 Introduction

The classification of the global financial crisis as a period of “systemic” financial stress,
during which severe financial market stress spilled over to the real economy causing the
Great Recession, appears straightforward. More generally, it seems rather challenging to
identify and classify other periods of, possibly systemic, financial stress (Liang, 2013).
The expert-based approach of identifying systemic financial stress episodes prevails so far,
but a reproducible method for the detection of periods of low and high financial stress
is lacking. As well, a comprehensive analysis of the succession of tranquil and stress
periods is a requirement to determine the best leading indicators of systemic financial
stress and to evaluate the effectiveness of policies implemented over the course of the
financial cycle.!

This paper is the first to apply the dating method commonly used for recessions to
systemic financial crises, with the view of providing a transparent, objective and repro-
ducible method for the identification of systemic financial stress events. We bridge the
gap between the literature on measuring financial stress and that on dating the business
cycle. The real economic stress dimension is absent from most of the literature on fi-
nancial stress indices, although the regulator should pay much more attention to those
events that impact the real economy. In this paper, systemic financial stress episodes are
defined as those events that qualify both as periods of financial market stress and peri-
ods of real economic stress. Financial stress is defined as simultaneous financial market
turmoil across a wide range of assets, reflected by (i) the uncertainty in market prices,
(ii) sharp corrections in market prices, and (iii) the degree of commonality across asset
classes. Real economic stress is characterized by a substantial and prolonged negative
impact on the real economy, namely, GDP recessions with a drop in the industrial pro-
duction index of at least six consecutive months. So the focus of this paper is on real
economic stress periods that are not ordinary recessions but are also associated with high
financial market stress.” No assumptions are made about the sequence of events, i.e.,
whether the financial market stress or real economic stress occurred first. Instead, the
focus is on the detection of periods in which financial market and real economic stress
mutually reinforce each other.

To the best of our knowledge, this paper is the first that aims at providing a chronology
of systemic financial stress episodes for a large cross-section of countries based on a
simple and reproducible method and thereby complements the existing expert-based crises

databases. Several papers have already explored the connection between financial stress

'While there is no consensus on the definition of the financial cycle, Borio (2014) characterizes it as
“self-reinforcing interactions between perceptions of value and risk, attitudes towards risk and financing
constraints, which translate into booms followed by busts”.

2We use the terms financial market stress and financial stress interchangeably to refer to a turmoil
occurring simultaneously in several financial market segments.



and financial crises for specific countries by looking at the response of economic activity
to changes in financial stress (e.g. Hakkio and Keeton, 2009; Hollo et al., 2012) or
by creating indices of financial stress that are best able to replicate or predict a given
sequence of expert-identified crises events (e.g. Illing and Liu, 2006; Oet et al., 2011; Jing
et al., 2015). However, their focus is on creating an index of financial stress, not on dating
episodes of possible systemic financial stress. This paper takes the opposite approach by
comparing endogenously determined stress events with expert-based crises events given a
simple measure of financial stress. Note that model-based systemic financial stress periods
are not supposed to coincide perfectly with expert-based crises since they represent two
different concepts.® Model-based stress episodes are identified on the basis of market
prices of traded instruments and are thus broader than expert-detected episodes, usually
focusing on financial institutions, that rely on qualitative information and on past policy
actions.

Laeven and Valencia (2013) provide the most widely used database on systemic bank-
ing crises where a banking crisis is defined as being systemic under two conditions: (i) the
presence of significant signs of banking distress and (ii) the presence of significant bank-
ing policy intervention measures.* However, the qualitative assessment of such events, as
well as the time lag until the next update becomes available, call for a new model-based
approach.” Both approaches have specific advantages and disadvantages. Model-based
methods aim at providing timely, transparent and reproducible dating of systemic fi-
nancial stress episodes in order to perform real-time® assessments for financial stability
purposes, but the events might have a broader definition than banking stress owing to
the available data. Expert-based approaches provide a historical chronology tailored to
each country but might be biased by the perceptions of experts. Two other datasets for
European Union (EU) countries, Babecky et al. (2012) and Detken et al. (2014), have
been compiled by relying on the judgment of national central banks. Note that, so far
as the EU is concerned, Reinhart and Rogoff (2011) cover the crises of 16 EU countries,
which are taken into consideration for robustness.

The model-based approach outlined in this paper consists of three main steps that

are subsequently described in more detail: (i) constructing a simple financial stress index

3Schwartz (1987) finds that the word "crisis" is often used to describe ordinary situations. Most
events since 1933 in the United States are identified as pseudo-financial crises, characterized by a decline
in asset prices, depreciation of the currency, or financial distress of large entities. A real financial crisis
is then narrowly defined as situations when institutions do not exist or when preventive measures have
not been credibly undertaken.

4Laeven and Valencia (2013) build on previous work by Caprio et al. (2005) but focus on banking
crises with a systemic impact by adding the second criterion noted above.

5Chaudron and de Haan (2014) find that there are large and statistically significant discrepancies in
the identified crises between three expert-based datasets.

6Since financial stress relies on market data, while real economic stress is based on data obtained from
statistical agencies, there is typically a time lag of a few months before a financial stress event qualifies
as systemic.



(FSI), (ii) identifying periods of high financial market stress, and (iii) narrowing down
the financial market stress episodes to those with “systemic” characteristics.

First, contrary to the business cycle dating literature, where GDP is the de facto
benchmark measure of the business cycle, there is no commonly accepted metric for
financial market stress. Thus, the first step is to construct an appropriate coincident
measure of financial market stress that is comparable across countries and covers a long
time span. Since systemic stress should not be limited to the summation of individual risks
(Allen and Carletti, 2013), our computation choice emphasizes the role of correlations
across risk segments. Many alternative methods have been proposed to compute FSIs
(for a survey, see Kliesen et al., 2012). However, only a few of these indices are available
for EU countries, and, owing to their specific nature, computation choices and time spans,
their comparability is limited.”

Second, taking the country-specific FSIs as an input, a Markov-switching (MS) model
— often applied in the detection of business cycle turning points — is used to distinguish
between periods of low and high financial market stress.® Burns and Mitchell (1946)
investigated the distribution of turning points of a large number of disaggregated time
series. However, recent efforts mostly focused on the analysis of a single aggregate in-
dicator of business cycle fluctuations. On the one hand, the Bry and Boschan (1971)
algorithm identifies local minima and maxima in possibly non-stationary time series. On
the other hand, a more structural approach follows the seminal work by Hamilton (1989)
to distinguish between different states of the economy and infer the probability of being
in a specific state. Chauvet and Piger (2008) show that the latter method improves upon
the NBER methodology in the speed at which business cycle troughs are identified. The
underlying assumption is that the data, usually GDP, are generated by a mixture of two
distributions, one for the phases of expansions and the other for the phases of recessions.
Thus, the transition between these two phases can be modelled as a hidden Markov chain.

Nevertheless, several challenges arise when dating turning points in the “financial
cycle” and establishing a chronology of systemic financial stress episodes. First, financial
market stress and systemic financial stress are still pervasive concepts for which a single
coherent measure both in the time dimension, as well as in the cross-sectional dimension,
is missing. Second, financial market stress periods are usually characterized by a larger co-
movement of variables related to financial sector activity, which is more consistent with
the “average-then-date” approach than the “date-then-average” method of Burns and
Mitchell (1946). Third, if one is interested in the turning points themselves or the ability
to forecast the buildup of financial market stress, then the identification of the evolution

of financial market stress between peaks and troughs makes sense. However, if one wants

"For the euro area as a whole, see Blix Grimaldi (2010) or Hollo et al. (2012). Only very few FSIs
are computed for individual EU countries.
8For a recent survey on automatizing the dating of business cycle turning points, see Hamilton (2010).



to identify episodes of low versus high financial market stress, the moment at which the
data suggest that an episode is more likely to be a high stress period is the relevant
information. Therefore, using an MS model is better suited for the purpose of dating
the episodes of financial market stress.” Fourth, financial market stress variables tend to
be mean-reverting, which is consistent with the assumption of the MS data-generating
process, i.e. a mixture of two time-invariant distributions. This feature supports the
detection of a threshold above which financial market stress may adversely impact the
real economy.

Third, once the periods of high financial market stress have been identified, the events
associated with a substantial and prolonged decline in real economic activity need to be
isolated. Since financial market stress could be limited to financial markets without
spillovers to the real economy, the stress episodes that are considered “systemic” have
to be narrowed down.'® To this end, a simple algorithm is implemented, which detects
financial market stress episodes associated with a substantial and prolonged decline in
both industrial production and GDP.

The model-based approach identifies 68 episodes of systemic financial stress in 27 EU
countries. About 50% of all recessionary events are classified as systemic, while the other
half are not characterized by simultaneous financial market stress. 84% of the model-
detected systemic financial stress periods are also included in the crises datasets compiled
by experts. Out of the banking crises identified by Laeven and Valencia (2013), Babecky
et al. (2012), Detken et al. (2014) and Reinhart and Rogoff (2011), on average, 100%, 92%,
90% and 89%, respectively, are captured by the model-based approach. The identified
systemic financial stress episodes have recurrent patterns. In most cases, financial market
stress occurs first, followed by real economic stress. As documented by Reinhart and
Rogoff (2009), real economic stress lasts on average six months longer and the GDP
decline is three percentage points larger when it is associated with financial market stress.
The broad country coverage allows us to construct an EU crisis simultaneity index (CSI),
which shows that systemic financial stress usually occurs in the form of “clusters” with
many countries entering a systemic stress event simultaneously. In this respect, our
results reveal that the global financial crisis and the subsequent Great Recession can only
be compared to the “first oil shock” of 1973, where many countries simultaneously entered
the systemic stress event. Finally, the model-based systemic financial stress periods tend
to be robust to event-reclassification once new data become available.

Several caveats have to be kept in mind. The number of systemic events identified

depends on the required severity of real economic stress. For instance, one may want to

9For instance, Coe (2002) applies this tool to reassess the timing of the US systemic financial crisis
of the 1930s by looking at simultaneous switches in the deposit-currency ratio and the corporate versus
government bond spread.

10Using spectral analysis applied to EU countries, Schiiler et al. (2015) show that the real and financial
cycles coincide about two-thirds of the time.



limit systemic events to be associated only with the subset of the most severe recessions.
Thus, the depth and length of the real economic stress associated with each systemic
financial stress episode are also reported, so that the dataset can be easily adjusted for
different purposes.

Second, we focus on the joint evolution of stress on three core segments of financial
markets (equity, government debt, currency). However, additional market segments could
be considered. Banking-related variables are not always available and are left as an
extension, but could still be partly reflected by the commonality in financial market stress.
Housing stress is usually not included in financial stress indices since the availability of
data is very limited. Although housing stress is a very important feature of the recent
crises events, this is left for future work.

Third, the proposed methodology does not take into account policy actions that could
prevent financial stress from spilling over to the real economy if measures are taken at
a sufficiently early stage. This caveat more broadly applies to all measures relying on
market data. The identification of banking crises in Laeven and Valencia (2013) relies on
government interventions as an identification mechanism. Using only market prices, the
proposed methodology identifies all of these events as systemic financial stress periods.
This suggests that policy actions did not remove all stress ex ante, and using market data
is still meaningful.

The remainder of the paper is structured as follows. Section 2 describes the construc-
tion of the monthly FSIs for 27 EU countries over a time span of up to 50 years. Section
3 outlines our method for identifying episodes of systemic financial stress. Section 4
compares our chronology of systemic events to existing expert-based episodes both in the
cross-sectional and in the time dimension. Section 5 provides robustness checks. Section

6 concludes.

2 Designing a Simple Financial Stress Index

For 27 out of the 28 EU countries, we construct a monthly coincident measure of financial
stress covering up to 50 years from February 1964 to December 2014.'' By doing so, we
pay particular attention to ensure (i) cross-country comparability, and (ii) a sufficiently
long time span to cover as many financial stress events as possible. Financial stress is
defined as simultaneous financial market turmoil across a wide range of assets. It is re-
flected by (i) the uncertainty in market prices, (ii) sharp corrections in market prices, and
(iii) the degree of commonality across asset classes. As in the literature on measuring

systemic risks based on market prices, this last component ensures that broad financial

1 At the time of writing, there are no Estonian sovereign debt securities that comply with the definition
of long-term interest rates for convergence purposes. Since no suitable proxy indicator has been identified,
we focus on 27 instead of 28 EU countries.



market stress corresponds to the realization of a risk that is harder to diversify away than
non-synchronized stress occurring in specific market segments. We focus on three core
segments of financial markets and, as a result, we provide a broad coincident measure of
financial stress, instead of a measure of stress occurring in one specific segment. Unfor-
tunately, the number of countries we aim to cover and the long time span impose some
restrictions on the underlying data.

The construction of our FSI follows the approach of the composite indicator of sys-
temic stress (CISS) proposed by Hollo et al. (2012) that relies on the correlation of stress
across different market segments. Figure A.1 illustrates the different elements involved

in the computation of our FSI.

2.1 Measuring financial market stress

Underlying data. The ideal financial stress index should capture stress on asset classes
associated with the major types of crises, such as equity crashes, debt crises, currency
crises, housing crises or banking crises. To this end, our benchmark FSI includes data cov-
ering three financial market segments: (i) equity markets: stock price index (STX); (ii)
bond markets: 10-year government yields (R10); and (iii) foreign exchange markets: real
effective exchange rate (rEER) computed as the geometric average of bilateral exchange
rates weighted by bilateral trade volumes. Alternative series, such as the interbank rate
or the three-month treasury bill rate, are typically available only for the most recent years
and thus left for robustness checks. In particular, we lack data that capture developments
in the real estate market despite its major contribution to the 2008 crisis. This could be a
source of concern, since tools aimed at mitigating a possible overheating of the real estate
market are key macroprudential instruments one would like to calibrate throughout the
cycle. However, we focus on the co-movements of prices across markets that possibly
indirectly capture sharp variations in real estate prices.

Most data are taken from the Statistical Data Warehouse (SDW) of the European
Central Bank at a daily frequency'? and are retropolated or extended using Global Fi-
nancial Data (GFD) for longer time spans where available. The real effective exchange
rate is taken directly from the Bank for International Settlements (BIS) at a monthly

frequency.

Sample homogeneity. We want to make sure that the data are broadly comparable

throughout the entire sample from 1964 onwards, as they encompass periods such as the

2In order to fill possible data gaps at the daily frequency, we interpolate using the last available
observation.

13The BIS provides either a broad real effective exchange rate or a narrow one. The former includes
bilateral exposures to more countries, but is available only from 1994 onwards, while the latter is restricted
to fewer countries but starts in 1964. Depending on the availability of the other data, the longer series
are preferred.
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https://www.globalfinancialdata.com
https://www.globalfinancialdata.com
http://www.bis.org/statistics/eer/index.htm?m=6%7C187

Great Moderation.
First, in many countries, inflation rates declined substantially over time. To account

for this, we use real stock prices (rSTX) and real government bond yields (rR10)."

ST X,
STX, —
A =P, 0
CPI, — CPI;_5;
R10 = R10, — - 100
e t CPI,61

Second, as outlined in the business cycle dating literature, there could be potential
complications due to structural breaks in output volatility. This issue was also raised in
the financial stress literature, especially for the national financial condition index (NFCI)
starting in 1973 computed by the Federal Reserve Bank of Chicago. Brave and Butters
(2012) show that accounting for the decline in the volatility of output and inflation makes
the stress index more stable in the post-1984 period. Owing to the parsimonious nature of
our dataset, corrections as in Hatzius et al. (2010) using principal-component techniques
are not feasible. Instead, before computing volatilities, we divide the data by a 10-year

trailing standard deviation.'® A tilde denotes this rolling standardization.

Equity market stress. Stress in the equity market is captured by two variables. First,
the monthly realized volatility (VST X) is computed as the monthly average of absolute
daily log-returns of the real stock price index. Second, we compute the cumulative maxi-
mum loss (CM AX) that corresponds to the maximum loss compared to the highest level
of the stock market over two years. Except for the first two years, the CMAX is computed

over a rolling window of 522 days.

lnSTXt = log (’I"STXt_i) — lOg (TSTXt_l_Z')
InSTX.
InSTX;, = L
OInST X t,t—2609
S0 1 InSTX (2)
i=0 t
VSTX, =
! 20
TSTXt
MAX, =1-
¢ ! max22} (rSTX,;_;)

Bond market stress. Stress in the bond market is also captured by two variables.

First, the monthly realized volatility (V' R10) is computed as the monthly average of

141n order to obtain real daily returns, the monthly consumer price index (CPI) is linearly interpolated
using the last known value. As the bond yields are annualized, we subtract the annual inflation rate.
Since we later use an ordinal standardization and get an index at the monthly frequency, the choice of
the base or scale is irrelevant.

15 As expected, this does not impact the crisis-detection ability of countries for which we have data
only from the 1990s onwards. Hence, an alternative method would be to restrict our dataset to the
post-1990 era. Similar results are obtained in the crisis-dating part of the paper.



absolute daily changes in the real yield on 10-year government bonds. We prefer using
changes and not growth rates since, for some periods, very low real yields would create
excessively large variations. Second, we compute the cumulative difference (CDIFF)
corresponding to the maximum increase in basis points of the real government bond
spread with respect to Germany over a two-year rolling window. We prefer using the
spread instead of the 10-year yield in order to disentangle changes in the risk profiles

from changes in a proxy for the risk-free rate.

ChR].Ot = T’R]_Ot - TRlOt_l
—~ hR10
chR10, = —

O chR10t,t—2609
—_ —
CthOt_i

20
CDIFF, =rR10; —rR10pg; — min%y (rR10,_; — 7R10pg ;)

19
=0

VR].Ot -

For Germany, we instead compute the increase in the 10-year yield compared to the
minimum (CMIN) over a two-year rolling window.'¢

(100+rR10; D)

 mingZ,(100+rR10,_; pr)

CMIN, pg -1 (4)
Foreign exchange market stress. Stress in the foreign exchange market also relies
on two variables, available only at a monthly frequency. First, the realized volatility
(V EER) is computed as the absolute value of the monthly growth rate of the real effective
exchange rate. Second, longer-lasting changes in the real effective exchange rate should be
associated with more severe stress, owing to the necessary adjustment of the real economy.
Thus, we compute the cumulative change (CUMU L) over six months: if CUMUL > 0,

then the real effective exchange rate is volatile around a changing rate.

InEER, =log (rEER;) —log (rEER;_;)
InEER, = _InEER:
OInEERtt—119 (5)
VEER, = |InEER;
CUMUL, =|rEER,—rEER; ¢

16We consider a bond whose price is normalized to 100 at the beginning of the period and use the
value of the bond at the end of one year. Thus, we compute the cumulative stress on a positive variable,
while real yields could be negative with misleading economic interpretations in the CMIN framework.
The choice of a base of 100 does not impact the results, as we subsequently use the relative ranking of
the observations.
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2.2 Aggregation to capture cross-market linkages

Standardization. The second step consists of converting the individual stress indica-
tors, two for each financial market segment, into a common unit. While there are various
ways of standardization, with specific advantages and disadvantages (for a survey, see
Kliesen et al., 2012),'” we follow the strategy of Hollo et al. (2012) and use the empirical
cumulative density function (CDF) computed over an initial window of 10 years that

expands progressively to take new data points into account.'®

r for 2 <2z < zpyap,r=1,2,...,m—1
Z/'\t = Fn(zt < Z) = n (6)
1 for z; > 2

where z, € {VSTX,CMAX,VRI0,CDIFF,CMIN,VEER,CUMUL}.

The empirical CDF F,(z; < z) transforms each variable into percentiles by computing,
at each point in time ¢, the rank r of the new observation z; in the sample of all past
data that has n observations. The output Z; is a unit-free index where, at each point in
time, the most extreme (smallest) values, corresponding to the highest (lowest) levels of

stress, are characterized by the 99th (1st) percentile.

Aggregation. Since the individual stress indicators capture the same facets of risk
(i.e. volatility and large losses) for each financial market segment, we aggregate them by

computing their average.'” The sub-indices are given by

VSTX + CMAX
Isrx = 5

VRIO+ CDIFF

VEER + CUMUL
Igpr = 5

Similar to Hollo et al. (2012), we aggregate the sub-indices for the three financial
market segments based on a portfolio theory approach that weights each sub-index by its

cross-correlation with the others.?’ By aggregating correlated sub-indices, the resulting

17One could compute each sub-index per umit of variance to make them comparable, but this is
equivalent to assuming a normal distribution for the values of the sub-index. In addition, the variance-
equal method is less robust to the presence of outliers.

18The implicit assumption is that, as more points become available, the CDF distribution is increasingly
accurate, which amounts to assuming a certain stationarity of the distribution over time. Otherwise,
if the features of the financial cycle are themselves time-varying, old observations may not always be a
good benchmark to classify and rank current observations, especially since we have 50 years of data for
some countries. We discuss this issue in the robustness section.

19For Germany, the bond sub-index is Ir1g = w

29The commonality across market segments could be captured by a principal-component analysis
(Hakkio and Keeton, 2009; Kliesen and Smith, 2010; Brave and Butters, 2011), but this method is
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index reflects increased risk due to the stronger co-movement with overall financial stress.
In contrast, less correlated sub-indices result in a lower composite index as it captures
non-systematic components and diversifiable risk across market segments. Since our FSI
should be meaningful for financial stability purposes and the detection of systemic finan-
cial stress episodes, it is crucial to capture the systematic co-movement across financial

market segments.?! The FSI is thus computed as follows:
FSIL,=1,-C, -1, (8)

where I; is the 1 x 3 vector of standardized sub-indices and C; is the 3 x 3 time-varying

cross-correlation matrix of the sub-indices:

1 PSTX,R10t PSTX,EERt
Ci=| psrx,Rrioy 1 PR10,EER,t
PSTX,EERt PR10,EER,t 1

The time-varying cross-correlations p; ;+ are estimated using an exponentially weighted
moving average (EWMA) specification with smoothing parameter A = 0.85.%® Similar
results are obtained with a multivariate GARCH but it unnecessarily adds estimation un-

certainty to an otherwise simple FSI. o, ;, stands for the covariance, o7, for the volatilities

very data intensive and thus does not fit well with the purpose of the paper. Alternative aggregation
techniques use credit or variance weights to emphasize the relative importance of the different asset
classes, but financial stress is still additive and, thus, does not reflect systemic stress in the financial
sector.

21 Across countries, the average correlation of the FSI with and without cross-correlation weights is
0.87, and ranges from a minimum of 0.79 for Cyprus to a maximum of 0.93 for Slovenia. When looking at
the contribution of the cross-correlation components to the overall FSI (see the online appendix for each
country at http://sites.google.com/site/thibautduprey/research/crisesdating), it is obvious
that it largely contributes to a better identification of known crises events as it tends to increase the FSI
precisely during those periods.

22Note that our measure is bounded between 0 and 9, where the maximum is obtained when the
cross-correlations are all equal to unity. In addition, one could weight the stress on each market segment
by the associated credit share (Illing and Liu, 2006) or the estimated impact on the real economy (Hollo
et al., 2012), but this requires more data or introduces more estimation uncertainty.

23The smoothing parameter A\ gives exponentially less weight to older observations. It is found by
minimizing, across countries, the squared errors compared to a multivariate diagonal BEKK GARCH(1,1)
process for countries with sufficient data for a meaningful estimation (i.e. those with at least 300 data
points, starting in 1990 at the latest). When looking at individual countries, the fit of the GARCH(1,1)
is better in terms of log-likelihood or Schwarz criterion over models with more lags. We find a A
equal to 0.85 (see the online appendix at http://sites.google.com/site/thibautduprey/research/
crisesdating).
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and 5;; = I;; — 0.5 the demeaned sub-indices from the “theoretical” median.**

Oiji = Aije+ (1= N)3i455

01'2,7& = >‘0-i2,t71 + (1 - )‘>§?,t (9)
Tijt
Pijt =
004t

where i,j = {STX, R10, EER}, i # j. The initial values for the covariance and
volatilities are set to the average over the first 10 years where the sub-indices are avail-

able.?®

3 A Judgment-Free Dating of Systemic Financial Stress

In the next step, we combine information on financial market conditions, captured by
the country-specific FSIs, and on real economic conditions, captured by annual growth
in the industrial production index (IPI), to date episodes of systemic financial stress.
Systemic financial stress episodes are defined as periods of financial stress associated
with a substantial and prolonged negative impact on the real economy.

We use a sequential approach to identify systemic financial stress events. We first
identify financial stress events that correspond to episodes with high financial stress. We
then narrow these down to the subset of financial stress events that are also associated
with real economic stress. We label those events as systemic financial stress (Figure
A.2). An alternative strategy would be to identify real and financial stress in a bivariate

framework. This more complex approach is left as a robustness check.

3.1 Identifying financial stress: A Markov-switching model

Most kernel densities of the country FSIs are characterized by a fat tail or a bi-modal
distribution. This suggests that the data can be approximated by a mixture of two
distributions with different mean and variance parameters. This is exactly what the MS
model does by distinguishing whether a given data point was drawn from a distribution
corresponding to a low or high FSI regime.

We take the simplest regime-switching model as a benchmark, namely, the fixed tran-
sition probability Markov-switching framework proposed by Hamilton (1989). We allow
for a regime-specific mean and variance (p¢® and o® with s = {L, H} corresponding, re-

spectively, to a low and high financial stress regime). It is likely that a high financial

24The sub-indices have been mapped into the bounded [0 : 1] space using their relative ranking, so
that values in the middle of the distribution were assigned the number 0.5.

2580 far, there is no assumption on the existence of different regimes in the variances of the sub-
indices. The idea here is to allow for time-variation in the joint co-movement of the sub-indices so that
correlations are allowed to vary anywhere from -1 to 1.
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stress regime exhibits both a larger absolute level of stress as well as more uncertainty.
Models with only regime-specific means may generate very volatile signals of financial
stress during the same financial stress episode if the financial stress is reduced for a short
period of time, e.g. following temporarily good news or government interventions. Allow-
ing for regime-specific variances results in a more robust identification of financial stress
episodes. In the absence of lagged dependent variables, we can loosely interpret the mean
of the FSI in the high financial stress regime as a country-specific threshold above which

the corresponding FSI value is most likely associated with a financial stress period.*

p + ofle, in the high stress regime

FSI, = (10)

put + ole; in the low stress regime

With ¢, — N(0, 1) and the transition probability across regimes S; € {L, H} is driven by

a hidden two-state Markov chain whose transition probability matrix is given by

P=rrewply 1P
P(S;=5s|S1) = FEEP 11
Szl l=4 0= riekpun "

We identify the financial stress regime as the one with the largest mean FSI (uff > pl).
The output of the model is a time series of the smoothed probability of being in one regime
P (S; = s) that we discretize in order to get a vector C of binary variables proxying the
time series of financial stress episodes. At each point in time, it takes a value of one for
cases where the probability of being in the high financial stress regime H is greater than

0.5 and a value of zero otherwise.?’

C= {ﬂp(st:H)>o.5}t:1 g €101} (12)

The results of the benchmark MS model are shown in Table B.1. One concern could be
that the MS model identifies two regimes in the FSI, irrespective of the actual existence
of different regimes. However, the following aspects seem to suggest the presence of
at least two regimes in the FSI. First, the long time span of up to 50 years captures
several financial crises with high levels of financial market stress as well as benign periods.
Second, for all countries, the regime-specific means are significantly different across the

two regimes.?® Third, standard tests for breaks in univariate time series confirm the

26The robustness checks with lagged dependant variables yield similar results. When introducing an
autoregressive term, the coefficient might be so high for some countries (especially for those where the
data cover only a short time span) that the estimation fails. In such cases, for AR(1) terms above 0.9,
we use a second lag.

2"The choice of this threshold has no impact on subsequent results.

28However, regular tests in the MS framework are known to be hard to compute as they do not follow
standard asymptotic distributions. Thus, we restrict ourselves to testing regime differences in the mean
computed in the case where variances are constant across regimes.

14



presence of breaks in the FSI of each country.

This Markov-switching approach has several advantages over alternative methods to
determine thresholds above which financial stress is identified. Looking only at per-
centiles?” or rolling standard deviations of the distribution of financial stress still requires
the definition of an exogenous threshold (the percentile or the number of standard de-
viations) which directly impacts the start and end dates of the financial stress event.
Conversely, the Markov-switching approach requires fewer assumptions and classifies an
event as being a financial stress event if it is most likely to belong to a different regime
with higher stress. In addition, using a fixed threshold can generate more noise as a small
breach of the threshold would qualify as a stress event. Conversely, the Markov-switching
model could also capture this as a tranquil event with a low mean stress and simply a

large shock drawn from the right tail of the tranquil distribution.

3.2 Selecting systemic financial stress events: An algorithm

Periods of real economic stress are defined as events with (i) at least six consecutive
months of negative annual industrial production growth,*’ and which (ii) overlap at least
partly with a decline in real GDP during at least two — possibly non-consecutive — quar-
ters.®! Thus, taking GDP explicitly into account allows restriction to real economic stress
events that qualify as recessions. We define periods of real economic stress as a prolonged
and substantial decline in real economic activity occurring both in the production sector
as well as in the overall economy. Industrial production growth is used as a benchmark
for the start and end dates of real economic stress instead of GDP, since the former is
available at a monthly frequency like the FSI.

Figure A.3 displays annual industrial production growth for different quantiles of the
FSI distribution averaged across time and countries. It clearly shows that, on average,
levels of financial stress above the 90th percentile of the distribution are associated with
a substantial drop in industrial production. Figure A.4 illustrates the annual industrial
production growth and the deviation from its long-term trend during the months fol-
lowing high financial stress. It shows that average annual industrial production growth
becomes negative during the month in which the FSI exceeds the 90th percentile thresh-
old. Industrial production recovers 12 months after the beginning of high financial stress,

while it takes on average 2.5 years to get back to its long-term trend. This simple exercise

29The results of this very simple method are also reported in the online appendix at http://sites.
google.com/site/thibautduprey/research/crisesdating.

30 Alternatively, we could use an MS model to obtain periods of real economic stress. All episodes of
real economic stress identified based on negative growth rates are also captured by an MS model. We
rely on the simple rule-based criterion since consecutive months of decline in industrial production is a
more severe criterion selecting fewer events.

3'When only one of the two variables (industrial production or GDP) is available, we keep only one
of the two criteria for defining real economic stress.
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offers two valuable insights. First, episodes of high financial stress tend to be associated
with real economic turmoil. Second, looking at a window of one year after the start of
the financial stress seems to be reasonable to investigate whether financial stress is indeed
associated with a pronounced decline in real economic activity.

As a consequence, among the episodes of financial stress identified by the Markov-
switching model, an event is considered to be “systemic” if there are at least six con-
secutive months of real economic stress either during one year following the start of the
financial stress period, or during the whole financial stress period if it lasts more than
one year. This is consistent with the graphical analysis that suggests a mean recovery of
the real economy with positive growth rates after 12 months.

The algorithm to identify systemic financial stress episodes loops over the time periods

starting with the earliest data point for which the FSI is available:

1. Identify the start date of the next financial stress period, as obtained from the

Markov-switching model.
2. Identify the end date of the financial stress period.*

3. If the real economic stress did not stop since the previous period of systemic financial
stress, then it is assumed that the current period of financial stress is the mere

continuation of the previous period of systemic financial stress. Back to point 1.

4. Check if the period qualifies as “systemic” financial stress: a period of at least
six consecutive months of real economic stress is identified either during one year
following the start of the financial stress period or during the whole financial stress

period if it lasts more than one year.>> Several cases are considered:

(a) The financial stress period is “systemic” and is followed by real economic stress.

Back to point 1.

(b) The financial stress period is “systemic” but real economic stress started ear-

lier:

e If another financial stress period ended less than two quarters before the
currently identified start date, both periods are considered as being part
of the same financial stress episode and are thus merged. Identify the start

date of this merged financial stress episode. Back to point 3.

32Tf no end date is identified, it means that, at the end of the sample, the country is still in a period
of financial stress. Hence, the sample end date is taken as the end date of the financial stress episode.

33For financial stress episodes that occurred at the beginning of the sample period, the stress episode
might have started earlier if we had been able to compute the FSI over a longer time span. Thus, periods
at the beginning of the sample may also qualify as “systemic” if there is only a partial overlap with six
consecutive months of real economic stress around the start date of financial stress.

16



e If no other financial stress episode is identified in the previous six months,

this financial stress event is flagged as being “late”. Back to point 1.
(c¢) The financial stress episode is not considered as being “systemic”:

e [f another financial stress period ended less than two quarters before the
currently identified start date, both periods are considered as being part
of the same financial stress episode and are thus merged. Identify the start

date of this merged financial stress episode. Back to point 3.

e If no other financial stress episode is identified in the previous six months,

back to point 1.

3.3 Systemic financial stress events: Results

Chronology of systemic financial stress. The upper part of Figure A.5 shows all
systemic financial stress episodes identified by the MS model and the filtering algorithm
described above. Systemic financial stress periods are in black, while tranquil periods are
in white and periods of insufficient data are in light grey. Separately, we also identify
periods where the financial stress started more than one quarter after the start of the
real economic stress (shown in dark grey). For these few events, either the stress started
in the real economy and subsequently spilled over to the financial market, or our FSI
fails to capture some dimension of the financial stress leading to a late detection of the
event. In addition, Figure A.6 shows the intensity of financial and real economic stress
during each period of systemic financial stress. If systemic financial stress events are
always characterized by an FSI above the 70th percentile, systemic financial stress events
around 2008 are associated with a stronger loss in industrial production that can reach
30%.

As the methodology is identical for all countries, one can take a closer look at the
chronology of the global financial crisis and how it spread across Europe. The lower part
of Figure A.5 ranks the countries by the starting date of the systemic financial stress
episode occurring from January 2007 onwards. The group of countries hit first in mid-
2007 is composed of Slovenia, Ireland, the Czech Republic, Croatia, as well as Bulgaria,
Romania and the United Kingdom at the end of 2007. A second group of countries hit
in the first quarter of 2008 consists of Denmark, Italy, Luxembourg, the Netherlands,
Spain, Portugal, Austria, France, Greece and Hungary. A later wave of countries hit in
the second half of 2008 consists of Germany, Sweden, Latvia, Lithuania and Finland.
Apart from Germany, countries of this group were confronted with financial stress only
after the real economic stress had materialized.

In addition, the results allow us to infer for which countries the sovereign debt crisis
starting in 2011 can be considered as a systemic financial stress episode. In the cases of

Croatia, France, Luxembourg, the Netherlands and Cyprus, the sovereign debt crisis is
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identified as being clearly separated from the global financial crisis. In other countries,
such as Belgium, Slovenia, Ireland, Italy, Portugal, Spain and Greece, the systemic fi-
nancial stress period expanded beyond the global financial crisis. Finally, in the cases
of Poland, Malta and Slovakia, the financial market stress occurring from 2008 to 2012
did not have sufficiently severe or prolonged real economic stress to be considered as

“systemic”.

Depth and length of systemic financial stress. Table B.2 compares important
characteristics of ordinary recessions (left columns) and recessions occurring simulta-
neously with financial market stress (right columns). Accordingly, 42% (44%) of the
recessionary events characterized by two (two consecutive) quarters of declining GDP
are not associated with simultaneous financial market stress.** As expected, recessions
occurring simultaneously with financial stress episodes feature an average FSI in the 70th
percentile of the distribution during the quarter before the start of the recession, while
the FSI is below the median for recessions without simultaneous financial market stress.

In line with the literature on financial crises (Reinhart and Rogoff, 2009; Reinhart
and Rogoff, 2014), recessionary events are longer when they are associated with simulta-
neous financial market stress.*> Ordinary recessions last on average eleven months, while
recessions associated with financial stress have an average duration of 17 months. In
addition, according to Jorda et al. (2013), the magnitude of output losses is much larger
during recessions coinciding with financial market stress than during ordinary recessions.
We find that the difference in GDP decline is three percentage points larger. Even prior
to 2008, recessionary events associated with financial market stress were on average two

months longer, with the GDP decline being one percentage point larger.

Cross-country simultaneity of systemic financial stress. Our broad country cov-
erage and the unified framework allow us to construct a measure of the simultaneity of
systemic financial stress in Europe. The crisis simultaneity index (CSI) shown in Figure
A.T7 corresponds to the share of countries experiencing a systemic financial stress episode
at a given point in time. The difference between the black line and the black area corre-
sponds to those periods of systemic financial stress where the real economic stress started
at least three months before the financial market stress. We observe that three main
episodes of systemic financial stress affected more than 50% of the EU countries at the
same time: (i) the episode between the first and second oil shocks in 1973 and 1979; (ii)
the years from 1993 to 1994 with banking, currency and real economic stress; and (iii)

the global financial crisis.

34Note that several recessions can occur during one financial stress episode.
35However, the recent paper by Romer and Romer (2015) suggests that output decline following
financial crises varies across OECD countries and depends on the length of the financial stress itself.
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Country-by-country results. Table B.5 lists all identified systemic financial stress
episodes. It also reports the intensity of real and financial stress, the degree of simultane-

ity with other countries as well as the associated classification identified by experts.°

4 Comparison with Other Chronologies

We now turn to the comparison of our chronology of systemic financial stress periods with
identified crises periods based on expert judgment. The expert-based events consist of
the banking crises of Detken et al. (2014); the banking, currency and debt crises identified
by Babecky et al. (2012); the systemic banking crises of Laeven and Valencia (2013); and
the crises dates of the 16 EU countries covered by Reinhart and Rogoff (2011), which
are classified as banking and currency crises as well as stock market crashes. The first
two datasets are at a quarterly frequency, while the last two are at an annual frequency.
Figure A.8 provides a graphical comparison of the FSI and its distribution across EU

countries with a few major crises events.®”

4.1 Comparison methodology

Since frequencies are different, we compare model- and expert-based events, rather than
monthly signals as is common in the early-warning literature. We require at least a one-
month overlap to consider that systemic financial stress episodes coincide with expert-
identified crises.®® As a result, the “missed crises” or “false alarm” rates that we compute
are not, strictly speaking, equivalent to their meaning in the early-warning literature,*’
but rather correspond to, respectively, the share of expert-based crises not captured by
the model, and the share of systemic financial stress events not identified by experts.
We do not expect systemic financial stress events to coincide perfectly with expert-
identified crises. On the one hand, we may fail to capture crises identified by experts for
several reasons. First, the expert-based stress episodes are more narrowly defined than

our systemic financial stress periods, thus limiting their comparability. Second, stress

36The  online appendix at  http://sites.google.com/site/thibautduprey/research/
crisesdating provides, for each country, a detailed overview of (i) the FSI with the threshold
above which financial market stress is identified, (ii) the contribution of each financial market sub-index
and their correlations to the overall FSI, and (iii) various model- and expert-based systemic financial
stress periods. It is worth noting that cross-correlations tend to contribute positively to the FSI
in periods of systemic financial stress and negatively in tranquil periods and are thus an important
component of the FSI.

37Country-by-country graphical comparisons are provided in the online appendix at http://sites.
google.com/site/thibautduprey/research/crisesdating.

38Jing et al. (2015) consider banking crises to be correctly identified when money market stress was
signalled up to two years before the expert-identified crisis and until one year after the start of the crisis.
Still, they only obtain a rate of correctly identified crises of 28% compared to the crises of Laeven and
Valencia (2013).

39Tn practice, we cannot compute the share of events with no crisis, while in the early-warning literature,
one can compute the number of months without a signal.
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episodes identified using our approach rely on market data while expert-based episodes
usually use policy actions as a key criterion. Thus, we compute an ex post measure of
market stress, while public interventions occurring in the meantime might mitigate the
observed stress.

On the other hand, our approach may capture systemic financial stress episodes that
were not identified by the experts for several reasons. First, surveyed experts often
identify crises events based on qualitative criteria, which might introduce a subjectivity
bias leading to fewer identified crises. Second, there exists a time lag before the next
update of the expert-based crises events becomes available, so that our approach is more
likely to identify additional events at the end of the sample. Third, since our criterion to
identify systemic financial stress is a prolonged decline in industrial production and GDP
during a financial market stress period, we may also capture periods of real economic
stress that spilled over to the financial sector and led eventually to an acceleration of the
overall level of financial market stress. This interplay between real economic and financial
market stress may result in the identification of more stress episodes. However, about
half of the recessions did not occur during periods of high financial market stress, and,
except for a few cases,’’ financial market stress occurred first, and real economic stress

materialized in the subsequent twelve months.

4.2 Model- vs. expert-based episodes in the cross-section

Table B.3 compares systemic financial stress episodes with the expert-identified crises
dates. The first two columns report the share of model-based stress episodes that were
also identified as crises events by experts. On average, 62% of the systemic financial
stress episodes identified by our approach are also in the list of banking crises identified
by experts. Overall, 84% of the model-based systemic financial stress periods are captured
by experts, irrespective of the type of crisis considered. This percentage is up to 95% if we
exclude the eleven countries not covered by Reinhart and Rogoff (2011). The other two
columns report the share of expert-based crises that are also captured by the model-based
approach. 85% of all expert-based banking crises were also identified by our approach as
systemic financial stress periods. When all crises are considered, only 51% of them were
also identified as systemic financial stress episodes according to our definition.

These results suggest that most of the model-based systemic financial stress episodes
are banking crises. Table B.4 confirms that the model-based stress periods coincide
particularly well with banking crises. All of the systemic banking crises identified by

Laeven and Valencia (2013) are captured by our model-based approach as well as, on

400ut of 17 “late” events where financial stress started at least one quarter after the real economic
stress, four events were not identified by experts (namely France, Austria and Germany in the early
1980s, and France in 2002) and one event falls outside the time span covered by experts (Finland in
2012-3).
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average, 92%, 90% and 89% of the banking crises identified by Babecky et al. (2012),
Detken et al. (2014) and Reinhart and Rogoff (2011), respectively. The crises types that
are identified by the model-based approach in only less than half of the cases are the
currency and equity cris