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Chapter 1

Introduction

1.1 Background and motivation

The past several years have witnessed a very disruptive financial crises that orig-

inated in the United States in 2007. Although financial crises are not a new phe-

nomenon, the frequency of financial crises has doubled since the collapse of the

Bretton Woods system (Bordo et al., 2001). Notably after the financial liberaliza-

tion during the 1990s, the intensity of financial crises has increased.

In general, three types of financial crises can be distinguished: banking crises,

currency crises and debt crises. Figure 1.1 shows the frequency of three types of

crises starting in a given year since 1970 including the recent Global Financial Cri-

sis. The frequencies of all three types of crises are high during the 1976–2000 period

and decrease at the beginning of the 21st century. Since 2007 banking crises have

become more prominent than the other two types of crises. There is peak in 2008

when 22 countries suffered from a banking crisis.

Recent research suggests that financial crises may have a permanent effect on

potential output (Furceri and Mourougane, 2012). Laeven and Valencia (2013) com-

pare the output losses across three types of crises and find that the output losses

associated with a banking crisis and a debt crisis are not statistically different, but

banking and debt crises are associated with statistically larger output losses than

currency crises. Although currency and debt crises are still attracting scholars’ at-

tention, research on banking crises has become more important than before.
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Figure 1.1. Frequency of financial crises, 1970–2012

Source: Laeven and Valencia (2013)

Conceptually, definitions of banking crises have been proposed by many schol-

ars (see Chapter 2 for a literature review). However, a serious methodological chal-

lenge which researchers face is the identification of (systemic) banking crises. Most

studies identify a (systemic) banking crisis based on exceptional events or policy

interventions, such as bank closures, deposit freezes and government rescues (cf.

Laeven and Valencia, 2008; 2010; 2013; and Reinhart and Rogoff, 2009), which is

referred to as the events method. But this methodology may be biased for several

reasons (Von Hagen and Ho, 2007). For example, government rescues mostly occur

when a crisis has a serious impact on the financial system implying that the start of

the banking crisis may have been identified too late.

The proper identification of banking crises hinders research on the causes of

banking crises. One important example is the lead-lag relation between currency

and banking crises which has attracted a lot of attention since the Asian financial

crisis in 1997. Previous papers on this topic (see Chapter 3 for a literature review)

typically employ dummy variables as proxies for the occurrence of crises, where

1 denotes a crisis, and 0 a tranquil period. These dummies are derived from a so-

called exchange market pressure index or currency depreciation exceeding a particu-

lar threshold for currency crises and the events method for banking crises. However,

dummy variables may not fully capture the relationship between banking and cur-
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rency crises, because there may also be a relationship between the two crises during

the process of risk accumulation prior to the crises. In addition, most studies apply

annual data and low frequency data makes it difficult to determine which type of

crisis occurs earlier if a currency crisis and a banking crisis occur in the same year.

Different from earlier crises, Figure 1.1 shows that banking crises not only af-

fected many countries but also did so within a short period during the Global Finan-

cial Crisis. Banking crises spread across countries more easily via strong trade or

capital linkages between countries than before with the development of economic

and financial globalization. Employing a spatial approach seems to be a suitable

approach to investigate the spread of banking crises which can explain how the oc-

currence of a banking crisis in one country is affected by the occurrence of banking

crises in other countries (more details can be found in Chapter 4).

Two mechanisms can explain banking crises propagation, namely spillover ef-

fects and interdependence. Forbes (2012) defines spillover effects as a significant

increase of the linkages across countries (or markets) after a shock in one coun-

try (or market), whereas interdependence is defined as strong linkage between two

countries (or financial markets) that exist at all times. To the best of our knowledge,

previous research has not analyzed the spread of banking crises differentiating be-

tween these propagation mechanisms.

Finally, one important feature of a banking crisis is that many banks are in trou-

ble or are nationalized (Demirgüç-Kunt and Detragiache, 1998). If bank regulators

detect problems in individual banks in advance and take timely actions to prevent

problem banks from failing, a banking crisis may be mitigated or circumvented. Up

to now, various studies have focused on predicting bank failures, but few studies

have compared the prediction performance of the logit model and advanced data

mining models, such as neural networks and support vector machines. In addition,

most studies split the sample into in-sample and out-of-sample randomly. However,

prediction models typically use past information to predict bank failures in the fu-

ture. Thus, ex post and ex ante samples should be distinguished, where ex post

stands for past information and ex ante represents future information.
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1.2 Research questions

This thesis tries to deal with the limitations in the literature outlined above and con-

tributes to the literature by extending the analysis of identification, propagation, and

prediction of banking crises. Specifically, four research questions are investigated

in this thesis:

1. How to identify a (systemic) banking crisis timely using higher-frequency

data than usually analysed in the literature?

2. What is the lead-lag relationship between currency and banking crises? And

does the usage of different proxies affect the conclusion?

3. Is the spread of financial turbulence in the banking system across countries

due to spillover or interdependence effects?

4. What type of model predicts bank failures more correctly, the logit model or

data mining models?

1.3 Methods description

Various methods are employed in this thesis for answering these four research ques-

tions. In Chapter 2, we construct a money market pressure index (MMPI) based on

central bank reserves and the short-term nominal interest rate to identify banking

crises, thereby extending the index of Von Hagen and Ho (2007). Then, we employ

the loss function approach of Demirgüç-Kunt and Detragiache (2000) to find out the

optimal decision rule in identifying banking crises using our preferred MMPI.

In Chapter 3, we apply continuous variables, namely an Exchange Market Pres-

sure Index (EMPI) and a Money Market Pressure Index (MMPI) to proxy currency

and banking crises, and employ Granger causality tests in a fixed effects dynamic

panel setting to investigate their dynamic relationship. Then, we summarize the two

continuous variables into multi-categorical data, distinguishing between very deep

crises, deep crises, mild crises and tranquil periods, and employ fixed effects ordered

logit models to analyze the relationship between the two crises. Third, we convert
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the two pressure indexes into binary dummy variables, adopting the decision rules

provided by Eichengreen, Rose and Wyplosz (1996a) for currency crises and those

of Von Hagen and Ho (2007) for banking crises, and employ the logit model with

fixed effects to re-examine the relationship between the two crises. Finally, to com-

pare our outcomes with previous research, we use the banking crises database of

Laeven and Valencia (2013) in combination with EMPI-based dummies for cur-

rency crises and employ the fixed effects logit model to investigate their lead-lag

relationship.

The propagation of financial turbulence is characterized by spatial dependence,

which is a special case of cross-sectional dependence, in the sense that the struc-

ture of the correlation or covariance between observations with different linkages is

derived from a specific ordering, determined by the relative position of the obser-

vations in trade, capital flows or geographic space. In Chapter 4, we apply a spatial

panel data model with spatial fixed effects to investigate spillover and interdepen-

dence effects of financial turbulence in the banking system, distinguishing three

transmission channels, namely trade, capital flows and distance.

In Chapter 5, we apply the logit model, neural networks, and support vector

machines to predict bank failures in the United States from 2002 to 2010. We split

the sample into an ex post sample covering data from 2002 to 2009 and an ex ante

sample covering data in 2010. Then, we estimate the parameters of the three models

on the basis of the ex post sample and evaluate the models’ prediction performance.

1.4 Outline of the thesis

The rest of this thesis is structured as follows. Chapter 2 applies an index to identify

(systemic) banking crises. Chapter 3 and Chapter 4 analyze the causes of banking

crises from domestic and international perspectives. Chapter 5 investigates the pre-

diction performances of bank failures using the logit model and data mining models.

Chapter 6 concludes.

We start with the identification of banking crises as this research question is cru-

cial for further research on banking crises. Without a proper identification of crises,

research on the determinants or consequences of crises will be rather futile. Von



6 Chapter 1

Hagen and Ho (2007) claim that the events method is biased and apply real interest

rates and central bank reserves to construct a Money Market Pressure Index (MPI)

for identifying banking crises based on the idea of liquidity shortages in the money

market. However, liquidity shortages affect nominal short-term market rates (Cec-

chetti and Disyatat, 2010). In addition, existing research suggests that, if anything,

inflation has a positive impact on banking crises (cf. Demirgüç-Kunt and Detra-

giache, 1998) instead of a negative impact as implied by the index of Von Hagen

and Ho. Chapter 2 answers the first research question by constructing a money mar-

ket pressure index (MMPI) based on central bank reserves and the nominal money

market interest rates which is different from the index proposed by Von Hagen and

Ho (2007). To avoid sample selection bias, our sample includes not only countries

that suffered from one or more banking crises but also includes countries without

banking crises. Then, we use the Laeven-Valencia (2010) database of banking crises

as a benchmark and compare the performances of two indexes in 109 countries from

1970 to 2010. Results show that the crises identified by MMPI are more in line with

the benchmark, and it also identifies fewer banking crises that are not listed in the

benchmark than the index of Von Hagen and Ho. Finally, we investigate the bank-

ing crisis decision rule with a utility function framework with different weights for

missed crises and false alarms.

Chapter 3 deals with the second research question and investigates the lead-

lag relationship between currency and banking crises. Davis and Karim (2010)

argue that before the outbreak of a crisis, risk is generally being build up. Thus,

dummy variables may not fully capture the relationship between banking and cur-

rency crises. In this chapter, we use quarterly data for a sample of 94 emerging and

developing countries during 1980–2010. Different from earlier studies, we proxy

the two types of crises by continuous, multi-categorical and dummy variables based

on market pressure indexes, and a dummy variable from the Laeven-Valencia bank-

ing crises database to investigate whether the lead-lag relationship between the two

types of crises depends on the choice of proxies. In addition, the quarterly data

makes it possible to determine which type of crisis occurs earlier if a currency and

a banking crisis occur in the same year. Results suggest that in most cases currency

crises tend to lead banking crises and vice versa. However, lagged banking crises
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do not lead currency crises robustly when we proxy the banking crises by dummies

based on the market pressure index. In addition, currency crises have strong state

dependence, indicating that countries which have experienced a currency crisis in

the past are more likely to face another currency crisis, but this does not hold for

banking crises. As sensitivity tests, we added time fixed effects variables and split

the sample into emerging and developing countries, but this does not affect our con-

clusions in this chapter.

Chapter 4 focuses on the propagation of financial turbulence in the banking sys-

tem across countries during the Global Financial Crisis. Similar to the arguments

in Chapter 3, the dichotomous nature of crisis dummies implies loss of informa-

tion. We use the ratio of non-performing loans to total gross loans as dependent

variable. Moreover, we consider three transmission channels: (i) the trade channel,

measured by exports and imports between countries; (ii) the capital flows channel,

measured by bank lending in one country to residents in other countries; and (iii)

distance, calculated by the distance between the capitals of two countries. Our sam-

ple contains annual data of 40 countries from 2003 to 2010. Our results suggest

that financial turbulence has a significant interdependence effect across countries

through the trade and distance channels while a significant spillover effect through

the capital flows channel is also identified. In addition, the capital flows channel

issues a better description than the other two channels in financial turbulence prop-

agation. Finally, foreign inflation has robust spillover effects on domestic financial

turbulence through all three channels.

Chapter 5 addresses the final research question and investigates which type of

models can predict bank failures better. In this chapter, we split the sample into an

ex post part and an ex ante part, where ex post stands for the past information and

ex ante represents future information. This chapter applies the logit model, neural

networks, and support vector machines to predict bank failures based on 16 finan-

cial ratios and 16 corresponding rates of change. We collect 293 bank failures in the

United States during 2002 to 2010 and then create a match-pair sample by the se-

lection rules: (1) near in asset size [-30%, 30%] to the bank that failed in the quarter

of failure and (2) located in the same state. We define the sample from 2002 to 2009

as the ex post sample to estimate models, and the data in 2010 as the ex ante sample
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for out-of-sample tests. Empirical results show that support vector machines predict

bank failures ex ante better than neural networks. Moreover, the logit model predicts

bank failures less precisely ex post than data mining models, but more precisely ex

ante. Specifically, the logit model issues fewer missed failures and false alarms than

data mining models ex ante. Finally, the logit model predicts bank failures with ac-

curacy higher than 96% and predicts banks that do not fail with accuracy higher

than 83%, indicating that the logit model can be a helpful tool for bank supervisors.

Chapter 6 summarizes the main findings.



Chapter 2

Identifying banking crises using
money market pressure: New
evidence for a large set of
countries∗

2.1 Introduction

Since the collapse of the Bretton Woods system, the frequency of financial crises

has doubled (Bordo et al., 2001). Notably after the financial liberalization during

the 1990s, the intensity of financial crises has increased. Recent research suggests

that financial crises may have a permanent effect on potential output (Furceri and

Mourougane, 2012).

In general, three types of financial crises may be distinguished: currency crises,

banking crises and debt crises. Compared to other types, banking crises have a more

serious impact on the economy (Hutchison and Noy, 2005). It is therefore important

to prevent banking crises and to reduce the costs of banking crises once they occur

(Caprio and Klingebiel 1996; Kaminsky and Reinhart 1999; Frydl 1999; Demirgüç-

kunt and Detragiache 1998, 2005; Honohan and Klingebiel 2003; Duttagupta and

Cashin 2011; and Davis and Karima 2008a, 2008b).

∗This chapter is based upon Jing et al. (2015).
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A serious methodological challenge which researchers face is the identifica-

tion of (systemic) banking crises. Most studies identify a (systemic) banking crisis

based on exceptional events or policy interventions, such as bank closures, deposit

freezes and government rescues (cf. Laeven and Valencia 2008, 2010, 2013; and

Reinhart and Rogoff 2009). However, Von Hagen and Ho (2007) argue that this

events methodology may be biased for several reasons. First, such interventions

may refer to a few banks having problems rather than the whole banking sector.

Second, it is hard to determine whether a particular policy intervention is taken be-

cause of a systemic banking crisis. Third, policy interventions mostly occur when a

crisis has a significant impact on the financial system or the economy, which implies

that the start of the banking crisis may be identified too late. Finally, not each crisis

leads to government interventions as central banks sometimes solve financial prob-

lems successfully. Therefore, there may be a selection bias when banking crises are

identified based on interventions by government authorities.1

Drawing on the reasoning of Eichengreen, Rose and Wyplosz (1996a, 1996b),

Von Hagen and Ho (2007) propose an index to identify banking crises based on

money market pressure (which will be discussed in more detail in section 2.2). A

monetary pressure index (MPI) cannot offset all drawbacks of the events method-

ology, but advantages of a money market pressure index include that it is less sub-

jective, available at a higher frequency (several countries are not included in the

most widely used crises databases) and timelier (as it relies on less information).

Although the Von Hagen-Ho index is very innovative, we argue that it can be im-

proved upon by using nominal instead of real interest rates and by weighting its

components differently.

The objective of this chapter is to construct a modified monetary pressure in-

dex (MPI) to identify banking crises. We construct our MPI for a larger sample

of countries than Von Hagen and Ho (2007). For comparison purposes we use the

Laeven-Valencia (2010) database of banking crises, which is based on the events

1 Likewise, Boyd, De Nicolo and Loukoianova (2009) argue that the banking crisis indicators they
examine—including those of Reinhart and Rogoff (2009) and Laeven and Valencia (2008)—actually
measure lagged government responses to systemic bank shocks, rather than the occurrence of crises
per se. After we had finished the research reported in this chapter, Laeven and Valencia (2013) pub-
lished an update of their dataset.
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methodology.

The rest of the chapter is organized as follows. Section 2.2 reviews previous

research on identifying banking crises. Section 2.3 discusses the index proposed

by Von Hagen and Ho (2007) and presents our proposed amendments. Section

2.4 describes the data and criteria for identifying banking crises. Section 2.5 com-

pares crises identified by both indexes with crises according to databases based on

the events methodology, and offers a sensitivity analysis. Section 2.6 discusses the

tradeoff between missed crises and false alarms and section 2.7 concludes.

2.2 Identifying banking crises

2.2.1 The events method

The events method identifies banking crises based on the occurrence of certain

events, such as bank runs, closures, mergers and government interventions. Caprio

and Klingebiel (1996) adopt information from supervisors and country experts to

identify banking crises. In its World Economic Outlook, the IMF (1998, p.76) ex-

tends Caprio and Klingebiel’s scheme and identifies a banking crisis as a situation

in which actual or potential bank runs and failures lead banks to suspend the inter-

nal convertibility of their liabilities or compel the government to provide large-scale

interventions in the banking sector.

Demirgüç-Kunt and Detragiache (1998, 2002, 2005) identify an event as a crisis

if at least one of the following conditions holds:

1. the ratio of non-performing assets to the banking system’s total assets exceeds

10%;

2. the cost of the government’s rescue operation is at least 2% of GDP;

3. banking sector problems result in a large-scale nationalization of banks;

4. extensive bank runs take place or emergency measures such as deposit freezes,

prolonged bank holidays, or generalized deposit guarantees are enacted by the

government in response to the crisis.
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Laeven and Valencia (2008, 2010) adopt a somewhat different definition to iden-

tify banking crises. Laeven and Valencia (2008, p. 5) define a systemic banking cri-

sis as an event where a “country’s corporate and financial sectors experience a large

number of defaults and financial institutions and corporations face great difficulties

repaying contracts on time. This situation may be accompanied by depressed asset

prices (such as equity and real estate prices) on the heels of run-ups before the crisis,

sharp increases in real interest rates, and a slowdown or reversal in capital flows. In

some cases, the crisis is triggered by depositor runs on banks, though in most cases

it is a general realization that systemically important financial institutions are in

distress.”

As pointed out in the Introduction of this chapter, Von Hagen and Ho (2007)

argue that the events method has several shortcomings. Therefore, they suggest an

index based on pressure in the money market to identify banking crises.

2.2.2 Money market pressure index

The basic idea of the money market pressure index of Von Hagen and Ho (2007) is

that in a crisis the banking sector will face difficulties, such as an increase in non-

performing assets, withdrawals of deposits, and drying up of inter-bank lending,

which will lead to a sharp increase in banks’ demand for central bank liquidity.

The central bank will react to this increased demand in two ways. If central bank

reserves are the operating target of monetary policy, the supply of reserves will be

constant and the short-term interest rate will rise. Otherwise, the central bank will

sustain the level of the short-term interest rate and inject additional reserves into the

banking sector. Thus, a banking crisis is generally characterized by a sharp increase

of short-term interest rates, the stock of central bank reserves, or both.

Based on this logic, Von Hagen and Ho (2007) propose the following MPI:

MPIt =
∆γt

σ∆γ
+

∆rt

σ∆r
, (2.1)

where ∆ is the difference operator, γ is the ratio of central bank reserves to total bank

deposits, r is the short-term real interest rate, while σ∆γ and σ∆r are the standard

deviations of ∆γ and ∆r, respectively.
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In identifying a banking crisis, Von Hagen and Ho (2007) apply two criteria.

First, the index needs to exceed the 98.5 percentile of the sample distribution for

the country under consideration. Second, the increase of the MPI from the previ-

ous period should at least be 5%. The first condition ensures that only exceptional

events are treated as crises, and the second one is applied to avoid signaling crises

in countries that did not experience a banking crisis.2 Von Hagen and Ho quantify

these criteria by selecting the combination of parameters that can best identify crises

as listed by Caprio and Klingebiel (1996).

2.3 Modification of the money market pressure index

The money market pressure index constructed by Von Hagen and Ho (2007) is less

subjective than the events methods. However, the index has some drawbacks as well.

First, due to data limitations Von Hagen and Ho calculate standard deviations

over the whole sample period thereby ignoring possible changes in monetary regimes.

As we have sufficiently long samples—each country’s sample exceeds 9 years—we

apply rolling 24-month periods to calculate standard deviations.3

Second, the index of Von Hagen and Ho (2007) is driven by the most stable

component. If the ratio of central bank reserves to total bank deposits γ is constant

for a long time (which is the case in some countries), the standard deviation of ∆γ

is equal to zero and the MPI cannot be constructed.4 Even if σ∆γ does not equal

zero, it will generally be much smaller than the standard deviation of the short-term

interest rate σ∆r, so that the ratio of central bank reserves to total bank deposits γ

receives more weight than the short-term interest rate r. Sticking to the logic of the

von Hagen-Ho index, i.e. keeping the combination of interest rates and reserves, but

2 These two criteria are similar to the extreme-value based identification of currency crises studied
by Lestano and Jacobs (2007). In Section 2.6 we will come back to this rule. In Sections 2.3 and 2.4
we follow Von Hagen and Ho’s (2007) criteria.

3 To examine the sensitivity of our findings, we have experimented with different lengths of the mov-
ing window to calculate the standard deviations. The fact that the standard deviations are measured
over overlapping periods could lead to high autocorrelation. However, as will be explained in the next
chapter, the correlation between the current and lagged values of the MMPI are fairly low.

4 In this case we use the value 1e-6 as a proxy.
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changing the weights, we propose the Modified Monetary Pressure Index (MMPI):

MMPIt = ω1∆γt + ω2∆rt, (2.2)

ω1 =

1
σ(∆γ)

1
σ(∆γ)

+ 1
σ(∆r)

, ω2 =

1
σ(∆r)

1
σ(∆γ)

+ 1
σ(∆r)

.

This modified MPI does not suffer from the problems outlined above. The weights

of the new index fall in the interval (0, 1] and add up to one. To illustrate the dif-

ference between the two indices, we provide an intuitive example. We set the value

of σ(∆γ) to 1, while the value of σ(∆r) varies from 1 to 100. Figure 2.1 shows the

resulting values of the weights of MPI and MMPI. We find that the value of ω1 is

smaller than 1
σ(∆γ)

and ω2 is almost the same as 1
σ(∆r) . In our sample (as discussed

in the next section), the ratios of σ(∆r) to σ(∆γ) are in a range of [1, 50], so the

weight of ∆γ in constructing MMPI is smaller than in constructing MPI indicating

that our index is less driven by the most stable component.

Figure 2.1. MPI and MMPI for different weights for two components

Notes: This figure shows the differences between weights in Equation (2.1) and (2.2). Sigma() and
sigma(r) are the weights in Equation (2.1), and ω1 and ω2 are the weights in Equation (2.2). In this
figure, we set the value of sigma() to 1 while the value of sigma(r) varies from 1 to 100.

Third, Von Hagen and Ho use the short-term real interest rate in their index to

capture money market pressure. As pointed out by Cecchetti and Disyatat (2010),

three types of liquidity shortages can be distinguished, namely shortages of central
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bank liquidity, market liquidity, and funding liquidity. Central bank liquidity refers

to deposits of financial institutions at the central bank, which are held by financial

institutions to meet reserve requirements, if any, and to achieve final settlement

of all financial transactions in the payments system. Market liquidity refers to the

ability to buy and sell assets in reasonably large quantities without significantly

affecting price. Finally, funding liquidity describes the ability of an individual or

institution to raise cash, or its equivalent, again in reasonably large quantities, either

via asset sales or by borrowing. As pointed out by Cecchetti and Disyatat (2010),

all these different types of liquidity shortages are reflected in nominal short-term

market rates.

Using the short-term real interest as a proxy for liquidity shortages implies that

also inflation has an impact. If the nominal interest rate is constant but the real in-

terest rate decreases due to higher inflation, the money market pressure index will

go down thereby wrongly indicating that money market pressure has increased. But

the reverse is also possible. So constructing MPIs using real interest rate may lead

to very distorted outcomes. In fact, previous research suggests that, if anything, in-

flation has a positive impact on banking crises (cf. Demirgüç-Kunt and Detragiache

1998, 2002) and not a negative impact as implied by the index of Von Hagen and

Ho. Below we analyze the choice of using nominal vs. real interest rates in more de-

tail for some countries. Indexes that are based on real (nominal) interest rates have

an R (N) in front of the index.

We deviate from the analysis of Von Hagen and Ho (2007) in two more ways.

First, the sample of Von Hagen and Ho includes mostly countries which suffered

from at least one banking crisis, while they include only few countries without bank-

ing crises. Therefore, there may be a sample selection bias and it is not clear whether

the index is reliable in countries which did not experience banking crises. To avoid

this bias, we include more countries with and without banking crises to investigate

whether the index can identify banking crises in both types of countries.

Second, although Von Hagen and Ho (2007) consider ‘missed crises’ (i.e. the

index does not signal a banking crisis when there is one according to database used

for comparison purposes) and ‘false alarms’ (i.e. the index signals a banking crisis

when there is no crisis according to the database used for comparison purposes),
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they do not consider the tradeoff between ‘missed crises’ and ‘false alarms’. In this

chapter, we apply a quantitative method to assess this tradeoff (see section 2.6).

2.4 Sample and criteria for identifying banking crises

2.4.1 Sample

We use monthly data from the IMF’s International Financial Statistics, spanning

the period 1975M1 to 2009M12, to construct money market pressure indices. Euro-

pean countries that have joined the euro area are not included after the start of the

currency union as country-specific data are not available. As a money market pres-

sure index can only be constructed in a meaningful way if interest rates are market-

determined, we exclude countries with a repressed financial system.5 To determine

to what extent the financial system of countries is repressed, we use information

from the Fraser Institute, i.e. the sub-index of “Interest rate controls/negative real

interest rates”.6 This index ranges between zero and ten. The highest score (10) is

given when interest rates are determined primarily by market forces, as evidenced

by reasonable spreads between deposit and lending rates. A zero rating is assigned

when the deposit and lending rates are fixed by the government and real rates are

persistently negative by double-digit amounts or hyperinflation virtually eliminates

the credit market. According to the index, countries with the rank between 0 and 6

are rare, and emerging countries (e.g. Brazil) have an index of 7, so we only include

countries in our sample having a Fraser sub-index of 7 or higher. The use of a cut-

off point of 7 ensures that countries with a non-market based financial system are

dropped.

Following Von Hagen and Ho (2007), total deposits consist of demand deposits,

time and saving deposits and foreign liabilities of deposit money banks. Central

bank reserves are defined as loans from monetary authorities. The nominal interest

rate is the money market rate. If this variable is not available, we follow Von Hagen

and Ho (2007) and use (successively) the Treasury bill rate, the government bond

yield, the deposit rate, the lending rate, and the discount rate as substitutes. In line

5 We are grateful to the referee for pointing this out.
6 http://www.freetheworld.com/datasets efw.html.
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with Von Hagen and Ho (2007), the inflation rate is calculated using the consumer

price index.

We use five indices, namely VHH (the Von Hagen-Ho index), RMPI, NMPI,

RMMPI, and NMMPI. VHH, RMPI and RMMPI are based on real interest rates,

while NMPI and NMMPI are constructed using nominal interest rates. These indices

are defined in Table 2.1.

Table 2.1. Definition of indices used

Index Definition
VHH Index proposed by Von Hagen and Ho (2007)
RMPI Index (as in Equation (2.1)) constructed using real interest rates

and 24-months moving window for standard deviations
NMPI Index (as in Equation (2.1)) constructed using nominal interest rates

and 24-months moving window for standard deviations
RMMPI Index (as in Equation (2.2)) constructed by using real interest rates

and 24-months moving window for standard deviations
NMMPI Index (as in Equation (2.2)) constructed by using nominal interest rates

and 24-months moving window for standard deviations
Note: This table shows the definitions of five indices used in the analysis.

For illustrative purposes, we first zoom in on the results for a subsample of 10

countries which includes three industrial economies (Japan, Korea, and the United

States), and seven developing and emerging economies (Argentina, Brazil, Indone-

sia, Malaysia, Mexico, Philippines, and Turkey). These 10 countries have experi-

enced banking crises during the last three decades.

Table 2.2 presents descriptive statistics of the five indices for these countries.

The means and the standard deviations of RMPI and NMPI are much larger than

those of RMMPI and NMMPI. The weights as used in Equation (2.2) are less than 1

while in Equation (2.1) they can be larger than 1, so that indices based on Equation

(2.1) can become bigger.

Because VHH is different from the other four indices, Figure 2.2 and Figure

2.3 only present the other four indices for selected countries. In both figures, the
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Table 2.2. Summary of money market pressure indices for 10 countries

Country Index Mean Max Min Median S.D N Number of crises

Argentina VHH −0.062 8.628 −11.260 −0.013 1.423 345 4
RMPI 6.355 215.571 −16.030 −0.166 115.874 345
NMPI 12.524 419.150 −16.053 −0.107 225.876 345
RMMPI 0.080 27.864 −0.368 −0.001 1.501 345
NMMPI 0.166 54.305 −0.528 −0.001 2.925 345

Brazil VHH −0.051 7.866 −7.622 −0.005 1.409 230 2
RMPI −0.204 11.785 −21.236 −0.224 2.235 230
NMPI 0.034 15.297 −16.027 −0.122 2.232 230
RMMPI 0.000 0.105 −0.031 −0.001 0.010 230
NMMPI 0.000 0.098 −0.054 −0.001 0.010 230

Indonesia VHH −1.228 3.072 −6.885 −0.785 1.376 271 1
RMPI −4.423 7.314 −48.022 −4.085 3.979 271
NMPI 0.063 41.452 −7.458 −0.150 3.134 271
RMMPI −0.038 0.025 −0.215 −0.024 0.040 271
NMMPI 0.000 0.115 −0.059 −0.001 0.014 271

Japan VHH −0.926 19.478 −4.327 −0.763 1.441 388 1
RMPI 0.041 2.829 −50.172 −3.200 111.788 388
NMPI 5.762 43.066 −6.697 −0.012 111.438 388
RMMPI 0.000 0.001 −0.010 0.000 0.000 388
NMMPI 0.000 0.002 −0.002 0.000 0.000 388

Korea VHH −1.012 13.575 −5.258 −0.762 1.372 383 1
RMPI −9.222 15.794 −35.366 −8.735 6.080 383
NMPI −0.096 32.470 −4.658 −0.184 2.356 383
RMMPI −0.044 0.079 −0.181 −0.037 0.036 383
NMMPI 0.000 0.134 −0.026 0.000 0.010 383

Malaysia VHH −1.775 1.563 −13.506 −1.239 1.450 183 1
RMPI −22.825 −0.475 −89.082 −11.758 23.471 183
NMPI 0.269 36.948 −18.293 −0.016 4.373 183
RMMPI −0.014 0.000 −0.071 −0.011 0.013 183
NMMPI 0.000 0.031 −0.033 0.000 0.005 183

Mexico VHH −0.396 5.771 −5.999 −0.122 1.431 316 2
RMPI −5.282 6.477 −72.358 −2.801 10.708 316
NMPI 0.142 11.002 −14.671 0.008 2.165 316
RMMPI −0.020 0.019 −0.108 −0.013 0.020 316
NMMPI 0.000 0.093 −0.021 0.000 0.008 316

Philippines VHH −1.523 3.820 −13.054 −1.186 1.491 230 1
RMPI −8.653 2.943 −43.279 −3.830 10.480 230
NMPI −0.072 11.063 −7.978 −0.188 1.962 230
RMMPI −0.013 0.005 −0.057 −0.008 0.010 230
NMMPI 0.000 0.040 −0.032 0.000 0.005 230

Turkey VHH −0.495 6.421 −9.067 −0.092 1.451 255 1
RMPI −2.564 21.270 −12.883 −1.655 3.564 255
NMPI 0.074 23.182 −8.574 −0.081 2.763 255
RMMPI −0.013 0.042 −0.116 −0.009 0.016 255
NMMPI 0.000 0.186 −0.115 0.000 0.019 255

United States VHH −1.163 5.553 −8.289 −0.841 1.431 389 2
RMPI −8.475 59.435 −63.060 −6.506 10.467 389
NMPI 0.321 60.412 −9.103 0.118 3.560 389
RMMPI −0.002 0.005 −0.012 −0.002 0.003 389
NMMPI 0.000 0.007 −0.007 0.000 0.001 389
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first graph for each country shows RMPI and NMPI, and the second one presents

RMMPI and NMMPI. As these figures show, RMPI and NMPI are close to each

other in Argentina and Brazil, while RMMPI and NMMPI are also very similar for

these countries. In contrast, the indices differ for the other countries, and sometimes

quite substantially. Specifically, compared to the indices based on nominal interest

rates, those based on real interest rates often show a downward trend. Furthermore,

it turns out that in some countries the signs of RMMPI and NMMPI are opposite.

This difference is due to the effect of inflation. For instance, both inflation and the

short-term interest rate were high in Indonesia in 1997, and the indices based on the

nominal interest indicate a banking crisis, while those based on the real interest rate

do not. According to Laeven and Valencia (2010), Indonesia experienced a banking

crisis in 1997.
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Figure 2.2. Money market pressure indices in 10 countries

Notes: This figure plots four money market pressure indices for the selected countries. The first graph
for each country shows RMPI and NMPI constructed according to Equation (2.1), and the second one
presents RMMPI and NMMPI constructed according to Equation (2.2).
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Figure 2.3. Money market pressure indices in 10 countries, continued

Notes: This figure plots four money market pressure indices for the selected countries. The first graph
for each country shows RMPI and NMPI constructed according to Equation (2.1), and the second one
presents RMMPI and NMMPI constructed according to Equation (2.2).



22 Chapter 2

2.4.2 Assessing crisis signals

We assess the performance of the indices as follows. First, we compare the crises in

the Laeven and Valencia (2010) database with the various pressure indexes as dis-

cussed in section 2.3.7 The sample used for comparison purposes includes 109 coun-

tries with 68 banking crises. Column (2) in Appendix Table A.1 lists all countries

in our sample and their banking crises according to Laeven and Valencia (2010).

Our sample includes 21 industrial economies and 88 developing economies having

11 and 57 banking crises, respectively. In addition, there are 11 industrial and 46

developing economies without a banking crisis.

Second, following Von Hagen and Ho (2007) there is a crisis if (i) the index

exceeds the 98.5 percentile of the sample distribution for the country under consid-

eration and (ii) the index increases by at least 5% compared to the previous period.

Third, we adopt Von Hagen and Ho (2007)’s rule to decide whether a signal

identifies a banking crisis in line with Laeven and Valencia (2010). If the signal

indicates a banking crisis at most two years prior to the start of the crisis according

to Laeven-Valencia or if the signal indicates a banking crisis at most one year later

than Laeven-Valencia, this signal is considered to be ‘correct’.8 If the index does

not signal a banking crisis when there is one according to Laeven-Valencia, it is

labeled as a ‘missed crises’. If the index signals a banking crisis when there is none

according to the benchmark, it is labeled as a ‘false alarms’ (see Table 2.3).

The frequency of ‘missed crises’ is defined as the number of crises listed in

Laeven-Valencia that are not signaled by the index compared to the total number of

crises listed in Laeven-Valencia, while the frequency of ‘false alarms’ is defined as

the number of crises signaled by the index which are not listed in Laeven-Valencia

compared to the total number of crises signaled by the index.

7 We follow von Hagen and Ho in comparing our index with a crises database constructed using the
events method despite the shortcomings of this method as outlined in section 2.1. Von Hagen and Ho
compare their crisis data and those of Caprio and Klingebiel (1996) for 15 countries and find that there
is quite some similarity. We primarily use the Laeven and Valencia dataset for comparison purposes,
as this the most recent database available. Chaudron and De Haan (2014) compare several banking
crises datasets using the frequency of bank failures and the costs of banking crisis. These authors
conclude that the Laeven and Valencia dataset is the most reliable source based on the event studies
methodology.

8 In the sensitivity analysis we also employ a window of (T − 2, T + 2) where T is the crisis period
according to Laeven-Valencia.
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Table 2.3. Contingency table for concepts in assessing crisis signals

Crises Identified in Laeven-Valencia Not identified in Laeven-Valencia
Identified in this chapter ‘Correct crises’ ‘False alarms’
Not identified in this chapter ‘Missed crises’

2.5 Results

2.5.1 Comparison of five indices

We first compare the five indices. A first important conclusion is that money mar-

ket pressure indexes, be it the original index of Von Hagen and Ho (2007) or our

index, indicate many more banking crises than the databases based on the events

methodology. Table 2.4 zooms in on ‘missed crises’ and ‘false alarms’. The indices

based on nominal interest rates have fewer ‘missed crises’ than those based on real

interest rates. Among the five indices, NMMPI has the lowest frequency of ‘missed

crises’ and ‘false alarms’, so that we prefer this index to the others.9 Moreover,

VHH performs ‘worse’ than the other indices.

Table 2.4. Assessing the predictive power of the indices

Index VHH RMPI RMMPI NMPI NMMPI
Total crises in Laeven-Valencia 68 68 68 68 68
‘Correct crises’ 37 45 42 49 51
‘Missed crises’ 31 23 26 19 17
‘False alarms’ 147 156 130 179 131
Frequency of ‘missed crises’ 45.59% 33.82% 38.24% 27.94% 25.00%
Frequency of ‘false alarms’ 79.89% 77.61% 75.58% 78.51% 71.98%

Notes: This table shows the predictive power of five monetary pressure indices (see Table 2.1
for their definition), and zooms in on ‘missed crises’ and ‘false alarms’ in identifying banking
crises. ‘Correct crises’ is the number of crises identified in line with Laeven and Valencia
(2010).

9 If we follow Von Hagen and Ho (2007) and use the standard deviations of the whole period to
construct NMMPI, the results show that the index identifies one less correct crisis, and 12 more wrong
crises according to Laeven-Valencia. If we use the crises database of Reinhart and Rogoff (2009) as
an alternative, the index identifies one less correct crises, and 9 more wrong crises. As a result, we
conclude that NMMPI constructed with rolling standard deviations performs better than that based on
standard deviations measured over the entire sample period.
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All indices have very high ratios of ‘false alarms’. However, these signals may

not be all wrong. First, the database of Laeven and Valencia (2010) may not iden-

tify all banking crises. Indeed, 19 crises ‘wrongly’ identified by NMMPI are crises

identified by Reinhart and Rogoff (2009). And another 15 ‘false alarms’ are in line

with the crises database of Caprio and Klingebiel (1996) (see Appendix Table A.2

for further details).

Second, many ‘false alarms’ identified by NMMPI may indicate events which

are not severe enough to be identified as banking crisis by the Laeven-Valencia or

other crises databases. For example, even though in Algeria over 4 percent of GDP

was lost each year in public banks during 1991-2002 Laeven and Valencia (2010)

do not identify this as a systemic crisis. Likewise, in many other cases there are

severe economic problems, such as currency devaluations or economic downturns,

which can all lead to periods with high stress in the banking system even though

Laeven-Valencia do not consider this stress as sufficient reason to consider the pe-

riod as a banking crisis. Appendix Table A.3 provides further details of these cases.

In our view, most of the ‘false alarms’ indicate crises missed by Laeven-Valencia,

crises not severe enough to be considered as systemic by Laeven-Valencia, or re-

flects stress in the banking sector.

2.5.2 Sensitivity analysis

In this subsection we compare the performance of RMMPI and NMMPI for different

samples of countries, sample periods, window lengths, and benchmarks. We use

RMMPI for comparison purposes, as it performs better than VHH and RMPI.10

We first compare the performance of the two indices for different subsamples

of countries. Table 2.5 shows the results of identifying banking crises in industrial

economies and developing economies. According to Laeven-Valencia, there were 11

and 57 banking crises in industrial economies and developing economies, respec-

tively. In industrial economies, both RMMPI and NMMPI can signal 8 out of 11

banking crises, while the frequency of ‘false alarms’ of NMMPI is larger than that

of RMMPI. Therefore, RMMPI performs better than NMMPI in industrial coun-

10 We have done the sensitivity analysis using all indices. The results show that RMMPI and NMMPI
perform better than the other indices, so we do not show the results for the other indices.
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tries. In developing economies, NMMPI signals crises more ‘accurately’ with fewer

‘missed crises’ and ‘false alarms’ than RMMPI.

Table 2.5. Results for different samples of countries

NMMPI RMMPI
Industrial countries

Total crises in Laeven-Valencia 11 11
‘Correct crises’ 8 8
‘Missed crises’ 3 3
‘False alarms’ 30 25
Frequency of ‘missed crises’ 27.27% 27.27%
Frequency of ‘false alarms’ 78.95% 75.76%

Developing countries
Total crises in Laeven-Valencia 57 57
‘Correct crises’ 43 34
‘Missed crises’ 14 23
‘False alarms’ 101 105
Frequency of ‘missed crises’ 24.56% 40.35%
Frequency of ‘false alarms’ 70.14% 75.54%

Notes: This table shows the predictive power of NMMPI and RMMPI (see
Table 2.1 for their definition) for different samples of countries, and zooms
in on ‘missed crises’ and ‘false alarms’ in identifying banking crises. ‘Cor-
rect crises’ is the number of crises identified in line with Laeven and Va-
lencia (2010).

To investigate the performance of our indices over time, we divide our sample

period into three sub-periods: 1970-1989, 1990-1999, and 2000-2009. Table 2.6

shows that the frequency of ‘missed crises’ and ‘false alarms’ of NMMPI is lower

than that of RMMPI in all three sub-periods.

Because the weights used in constructing the indices are based on the standard

deviations of a certain time window, empirical results may differ if we use different

window lengths. So, we compare the four indices which are constructed using a

moving window to calculate the standard deviations for different time windows. For

this test, we choose windows of 12 months, 18 months, 30 months, and 36 months.11

11 If the length of time window is too long, observations will be lost and the signal accuracy will be
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Table 2.6. Results for different periods

Index: Period: 1970-1989 1990-1999 2000-2009
Total crises in Laeven-Valencia 14 41 13

NMMPI ‘Correct crises’ 8 32 11
‘Missed crises’ 6 9 2
‘False alarms’ 30 45 56
Frequency of ‘missed crises’ 42.86% 21.95% 15.38%
Frequency of ‘false alarms’ 78.95% 58.44% 83.58%

RMMPI ‘Correct crises’ 4 30 8
‘Missed crises’ 10 11 5
‘False alarms’ 20 41 69
Frequency of ‘missed crises’ 71.43% 26.83% 38.46%
Frequency of ‘false alarms’ 83.33% 57.75% 89.61%

Notes: This table shows the predictive power of NMMPI and RMMPI (see Table 2.1 for their definition)
for different periods, and zooms in on ‘missed crises’ and ‘false alarms’ in identifying banking crises.
‘Correct crises’ is the number of crises identified in line with Laeven and Valencia (2010)..

According to the results (available on request), NMMPI has the lowest frequency of

‘missed crises’ and ‘false alarms’ in all four cases.

As outlined in Section 2.4, we have followed Von Hagen and Ho’s (2007) rule

to determine whether a signal ‘correctly’ identifies a banking crisis, i.e. if the signal

is in the window of (T − 2, T + 1) where T is the crisis period according to the

benchmark it is considered as a correct signal. We have checked how sensitive our

results are for this choice. It turns out that slightly enlarging the window to (T − 2,

T + 2) gives very similar results. For illustrative purposes, Table 2.7 shows the

outcomes for NMMPI.

Finally, we check whether our results depend on the crises database used for

comparison purposes. As an alternative, we use the banking crises listed by Reinhart

and Rogoff (2009). According to this database, our sample includes 65 banking

crises from 1977 to 2009.

As Table 2.8 shows, NMMPI still has the lowest frequency of ‘missed crises’

lower.
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Table 2.7. Two types of errors for different crises periods

‘Missed crises’ ‘False alarms’
NMMPI 17 131
NMMPI with different window 13 125

Notes: This table shows the two types of errors for two indices. If there is a crisis at
time T in the benchmark, the signal of NMMPI is correct if it falls in the period of
(T − 2, T + 1). In the alternative this period is set at (T − 2, T + 2).

and ‘false alarms’, in line with our previous findings. Particularly, NMMPI with a

time window of 24 months to calculate standard deviations signals banking crises

more ‘accurately’ than the other indices.12

2.6 Decision rule to identify crises

Our main conclusion from the results in the previous section is that NMMPI with

a time window of 24 months to calculate standard deviations signals banking crises

most ‘accurately’. However this conclusion is based on the decision rule of Von

Hagen and Ho (2007) to identify banking crises, i.e. a threshold equal to the 98.5%

percentile and a 5% growth rate of the MPI compared to the previous period.

In this section we try to find the optimal decision rule in identifying banking

crises when using our preferred index, NMMPI. To this purpose, we will adopt the

loss function given by Demirgüç-Kunt and Detragiache (2000) to weight ‘missed

crises’ and ‘false alarms’.13

First, we describe how to construct a loss function for a money market pres-

sure index. Let H be the value of the threshold in the decision rule, i.e. the 98.5%

percentile set by Von Hagen and Ho.14 If the value of the index exceeds H, and

its growth rate is larger than 5%, the index will issue a crisis signal. Let p(H) be

12 If we compare the signals according to the Von Hagen and Ho (2007) index using the Reinhart–
Rogoff database, the results show that VHH can identify 40 crisis ‘correctly’ and 143 ‘incorrectly’.
So NMMPI performs better than VHH.
13 An alternative way to introduce the trade-off between ‘missed crises’ and ‘false alarms’ is the
receiver operating characteristic as recently used in business cycle analysis (see Berge and Jorda,
2011).
14 Changing the second condition of the decision rule, i.e. the index shows an increase compared to
the previous period of at least 5%, has little impact on the empirical results.
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Table 2.8. Robustness test using the benchmark of Reinhart and Rogoff (2009)

Index: RMPI RMMPI NMPI NMMPI
Window=12 Months

Total crises in Reinhart-Rogoff 67 67 67 67
‘Correct crises’ 46 44 47 45
‘Missed crises’ 21 23 20 22
‘False alarms’ 168 148 181 140
Frequency of ‘missed crises’ 31.34% 34.33% 29.85% 32.84%
Frequency of ‘false alarms’ 78.50% 77.08% 79.39% 75.68%

Window=18 Months
Total crises in Reinhart-Rogoff 67 67 67 67
‘Correct crises’ 44 42 42 48
‘Missed crises’ 23 25 25 19
‘False alarms’ 160 141 187 140
Frequency of ‘missed crises’ 34.33% 37.31% 37.31% 28.36%
Frequency of ‘false alarms’ 78.43% 77.05% 81.66% 74.47%

Window=24 Months
Total crises in Reinhart-Rogoff 65 65 65 65
‘Correct crises’ 46 44 39 46
‘Missed crises’ 19 21 26 19
‘False alarms’ 152 125 182 133
Frequency of ‘missed crises’ 29.23% 32.31% 40.00% 29.23%
Frequency of ‘false alarms’ 76.77% 73.96% 82.35% 74.30%

Window=30 Months
Total crises in Reinhart-Rogoff 64 64 64 64
‘Correct crises’ 41 40 40 44
‘Missed crises’ 23 24 24 20
‘False alarms’ 154 129 167 134
Frequency of ‘missed crises’ 35.94% 37.50% 37.50% 31.25%
Frequency of ‘false alarms’ 78.97% 76.33% 80.68% 75.28%

Window=36 Months
Total crises in Reinhart-Rogoff 62 62 62 62
‘Correct crises’ 42 39 38 43
‘Missed crises’ 20 23 24 19
‘False alarms’ 149 128 164 134
Frequency of ‘missed crises’ 32.26% 37.10% 38.71% 30.65%
Frequency of ‘false alarms’ 78.01% 76.65% 81.19% 75.71%

Notes: This table shows the results of four indices with the crises given by Reinhart and Rogoff
(2009). In this table, we show the results with the rolling time window of 12, 18, 24, 30, and 36
months for calculating the standard deviations. ‘Correct crises’ is the number of crises the index
identifies correctly according to Reinhart–Rogoff.
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the probability that the index issues a crisis signal, and e(H) be the probability of

a ‘missed crisis’, i.e. the joint probability of a crisis occurring and no crisis signal

issued. Also, let c1 be the cost of taking preventive actions when there is a crisis

signal, and let c2 be the cost of a banking crisis if it is not recognized relative to the

case when the crisis has been identified. Then, a simple expected loss function can

be constructed as follows:

L(H) = p(H)c1 + e(H)c2. (2.3)

In addition, let a(H) be the probability of no signals conditional on a crisis occur-

ring, let b(H) be the probability of issuing a crisis signal conditional on no crises oc-

curring, and let p0 denote the (unconditional) probability of a banking crisis. Then,

equation (2.3) can be rewritten as

L(H) = c1[(1− a(H))p0 + b(H)(1− p0)] + c2a(H)p0

= p0c1

[
1 +

(
c2−c1

c1

)
a(H) +

(
1−p0

p0

)
b(H)

]
.

(2.4)

It follows that the larger c2 is relative to c1, missed crises are considered more im-

portant than false alarms (and vice versa).

To estimate the values of the probabilities, we can use in-sample frequencies.

Specifically, we take p0 to be equal to the frequency of banking crises occurring in

the whole sample according to Laeven-Valencia, namely 0.099. The probabilities

a(H) and b(H) depend on the value of the threshold H.15 For example, if we set

H = 98.5%, then a(0.985) is the associated probability of ‘missed crises’. Simi-

larly, b(0.985) is the probability of ‘false alarms’.

In our analysis we let the value of H vary between 90% and 99% (with steps

of 0.1%) to examine which value of the threshold gives the best performance of the

indices. Without loss of generality, we set c1 equal to 1 and let (c2 − c1) vary from

5 to 50 in steps of 5.

Figure 2.4 shows the values of the loss function for NMMPI using a time win-

15 In this chapter, a(H) equals #(missed crises)/#(total crises in the benchmark), and b(H) equals
#(years of false alarms)/#(years of no crises according to the benchmark).



30 Chapter 2

dow of 24 months to calculate standard deviations.16 When c2 − c1=5 or 10, the

minimum of the loss function is obtained when the threshold of H is very close to

the threshold of Von Hagen and Ho (2007) that we also use (98.5%).

Increasing the costs of ‘missed crises’ (c2) compared to the costs of ‘false

alarms’ (c1), the optimal threshold decreases as expected. Moreover, when c2 − c1

equals 25 or more, the optimal threshold will converge to about 92.1%.

Thus, the Von Hagen and Ho threshold of 98.5% is better suited for policy

makers who dislike ‘false alarms’, and who believe that even ‘false alarms’ can

bring about large costs. In contrast, policy makers who are afraid of ‘missing crises’

should choose the 92.1% threshold.

16 Due to space limitations, we only show figures for c2 − c1=5, 10, and 25. Outcomes for higher
values of c2 − c1 are similar.
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Figure 2.4. Loss functions for NMMPI with different values of c2 − c1

Notes: This figure plots the values of loss function shown in Equation (2.4). The vertical axis shows
values of the loss function, the horizontal axis shows values of the first threshold for identifying crises
set by Von Hagen and Ho (2007). For instance, Von Hagen and Ho (2007) uses the 98.5% percentile.
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2.7 Conclusions

The identification of banking crises is crucial for further research on banking crises.

Without a proper identification of crises, research on the determinants or conse-

quences of crises will be rather futile. Different from the events methods, Von Ha-

gen and Ho (2007) proposed an index of money market pressure to identify banking

crises. In our view, the advantages of a monetary market pressure index include that

it is less subjective, available at a higher frequency (several countries are not in-

cluded in the most widely used crises databases) and timelier (as it relies on less

information). We modify the Von Hagen-Ho index and apply it to a large set of

countries, excluding countries with a repressed financial system. The main change

is that in our modified index nominal interest rates are used instead of real inter-

est rates as the former better capture money market stress, notably in developing

countries. To avoid sample selection bias, our sample includes not only countries

that suffered from one or more banking crises but also includes countries without

banking crises. Our sample consists of 109 countries (21 industrial economies and

88 developing economies). We employ the database of banking crises of Laeven and

Valencia (2010) for comparison purposes.

Our findings suggest that our preferred index outperforms the index of Von Ha-

gen and Ho (2007). The crises identified by our MMPI are more in line with the

crises identified by Laeven and Valencia (2010), while the index also gives fewer

‘false alarms’. This conclusion is robust when we use different groups of countries,

different periods and different time windows.

We also find that money market pressure indexes, be it the original index of Von

Hagen and Ho (2007) or our modified index, suggest many more banking crises than

those included in the database of Laeven and Valencia (2010). We argue that most

of the ‘false alarms’ are crises missed by Laeven-Valencia, crises not severe enough

to be considered as systemic by Laeven-Valencia, or reflects stress in the banking

sector. Finally, we show that the 98.5% threshold used in the Von Hagen and Ho

decision rule corresponds to a policy maker who dislikes ‘false alarms’ relative to

‘missed crises’.



Chapter 3

On the relation between currency
and banking crises in developing
countries, 1980–2010

3.1 Introduction

The relationship between currency and banking crises has attracted a lot of atten-

tion since the Asian financial crisis in 1997. Currency and banking crises occur

frequently and have serious consequences. Particularly, when the two crises occur

at the same time (twin crises), their costs are high (Hutchison and Noy, 2005).

A currency crises occurs if a currency significantly depreciates (Frankel and

Rose, 1996). Moreover, if the central bank prevents the currency depreciation by

using its own reserves and/or increasing the interest rate, a currency crisis can also

be characterized by a sudden fall of reserves, a large increase of interest rates or both

(Eichengreen, Rose and Wyplosz, 1996a). Existing research applies these criteria to

construct so-called Exchange Rate Market Pressure Indexes (EMPIs). In combina-

tion with a decision rule EMPIs are used to construct a proxy for currency crises

(Eichengreen, Rose and Wyplosz, 1996a; Kaminsky and Reinhart, 1999).

Different from a currency crisis, a (systemic) banking crisis has characteris-

tics, such as bank closures, mergers, deposit freezes and government interventions,

which are less easy to quantify (more details can be found in Section 2.2.1). Most
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scholars try to identify a banking crisis based on the events method mentioned in

Section 2.2.1. For example, Laeven and Valencia (2013) identify 147 banking crises

episodes from 1970 to 2011 using this approach. Their database has been widely

used to proxy banking crises. In contrast, Von Hagen and Ho (2007) and this thesis

Chapter 2 construct a Money Market Pressure Index (MPI) in combination with a

decision rule to identify banking crises (see Chapter 2). The basic idea of this MPI

is that in a crisis the banking sector will face difficulties, such as an increase in

non-performing assets, withdrawals of deposits, and drying up of inter-bank lend-

ing, which will lead to a sharp increase in banks’ demand for central bank liquidity.

The central bank will react to this increased demand in two ways. If central bank

reserves are the operating target of monetary policy, the supply of reserves will be

constant and the short-term interest rate will rise. Otherwise, the central bank will

sustain the level of the short-term interest rate and inject additional reserves into the

banking sector. Thus, a banking crisis is generally characterized by a sharp increase

of short-term interest rates, the stock of central bank reserves, or both.

Previous papers on the lead-lag relation between currency and banking crises

(e.g. Kaminsky and Reinhart, 1999; Rossi, 1999; Falcetti and Tudela, 2008; Dungey,

Jacobs and Lestano, 2010) typically investigate the relationship between the two

crises using dummy variables as proxies for the occurrence of crises, where 1 de-

notes a crisis, and 0 a tranquil period. These dummies are derived from EMPIs or

currency depreciation exceeding a particular threshold for currency crises and the

events method for banking crises.

However, Davis and Karim (2010) argue that before the outbreak of a crisis,

risk is generally being build up. Therefore, dummy variables may not fully capture

the relationship between banking and currency crises, because there may also be a

relationship between the two crises during the process of risk accumulation prior to

the crises. Arguably, continuous variables or multi-categorical variables may better

capture this relationship than dummy variables. In addition, most studies apply an-

nual data and this low frequency makes it difficult to determine which type of crisis

occurs earlier if a currency and a banking crisis occur in the same year.

The purpose of this chapter is to re-investigate the relationship between cur-

rency and banking crises in 94 developing and emerging countries using quarterly
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data for the period 1980Q1–2010Q4. We employ several variables to proxy crises

and investigate whether the use of different types of proxies yields the same conclu-

sion on the lead-lag relationship between currency and banking crises. First, we ap-

ply continuous variables, namely an Exchange Market Pressure Index (EMPI) and a

Money Market Pressure Index (MMPI) to proxy the two crises, and employ Granger

causality tests in a fixed effects dynamic panel setting to investigate their relation-

ship. Then, we summarize the two continuous variables into multi-categorical data,

distinguishing between very deep crises, deep crises, mild crises and tranquil peri-

ods, and employ fixed effects ordered logit models to analyze the relationship be-

tween the two crises. Third, we convert the two pressure indexes into binary dummy

variables, adopting the decision rules provided by Eichengreen, Rose and Wyplosz

(1996a) for currency crises and those of Von Hagen and Ho (2007) for banking

crises, and re-examine the relationship between the two crises. Finally, to compare

our outcomes with previous research, we use the banking crises database of Laeven

and Valencia (2013) in combination with EMPI-based dummies for currency crises

to investigate the dynamic relationship between the two crises.

Results suggest that in most cases currency crises tend to lead banking crises

and vice versa. This result is robust across periods and different samples of coun-

tries. This conclusion is different from those of most previous studies, but similar

to that of Kaminsky and Reinhart (1999). However, lagged banking crises do not

lead currency crises robustly when we proxy the banking crises by dummies based

on the market pressure index. The reason might be that the dummy based on MMPI

can identify the onset of a banking crisis, but fails to identify for how long the cri-

sis lasts. For instance, the average length of each banking crisis identified by the

dummy based on MMPI is 1.28 quarters which is far shorter than the 10.85 quarters

identified in the Laeven-Valencia database. In addition, currency crises have strong

state dependence, indicating that countries which have experienced a currency crisis

in the past are more likely to face another currency crisis, but this does not hold for

banking crises.

The remainder of this chapter is structured as follows. Section 3.2 reviews re-

lated theoretical and empirical studies. Section 3.3 describes three different proxies

for currency and banking crises. Section 3.4 and Section 3.5 discuss methods and
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the data set, respectively. Section 3.6 reports the main results and the outcomes of

some sensitivity tests. Finally, Section 3.7 concludes.

3.2 Literature review

Theoretically, causality can run from banking sector distress to currency crises. For

example, Velasco (1987) and Calvo (1997) argue that a banking crisis may be asso-

ciated with increasing liquidity due to a government bailout of the banking sector.

This excessive liquidity in turn leads to a depreciation of the domestic currency, and

possibly even to a currency crisis. Obstfeld (1995) argues that if policy makers try

to avoid bankruptcies in a vulnerable banking sector, they may be more concerned

about inflation than about exchange rate stability. This preference can also increase

the probability of currency crises. In addition, González-Hermosillo (1996) claims

that agents prefer foreign assets to domestic assets when a banking crisis occurs in

a poorly developed financial system which may cause large-scale capital outflows

followed by a currency devaluation. Chang and Velasco (2000) pose that under a

fixed exchange rate regime banking crises lead to currency crises. Specifically, bank

runs cause the banking system’s foreign liabilities to exceed its foreign liquid assets.

If the central bank attempts to fix the exchange rate regime, it should use its own

international reserves to rescue the banking sector and the decrease of international

reserves could increase the probability of currency crises.

In addition, a currency crisis can exacerbate the fragility of a banking system

through two channels. First, a currency crisis implies that banks have to pay more

in domestic currency for their debt in foreign currency which may deteriorate bank

balance sheets (Glick and Hutchison, 2001). Second, a currency crisis can bring

about liquidity shortages in the banking sector when policy makers raise interest

rates sharply in response to pressure on the exchange rate (Obstfeld, 1995).

Empirical studies on the relationship between banking and currency crises ob-

tained mixed results. Most previous analyses employ dummy variables as depen-

dent variable to investigate the causality between currency and banking crises. For

example, Kaminsky and Reinhart (1999) compare the (un)conditional probabilities

of currency and banking crises to investigate causal linkages between the two types
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of crises using a sample of currency and banking crises in 20 countries from 1970

to 1995. They find that currency and banking crises are closely linked: a banking

crisis precedes a currency crisis while a currency crisis deepens a banking crisis.

Rossi (1999) investigates the relationship between the two types of crises with

probit models using a sample of annual data on 15 developing countries during the

1990–1997 period. He finds that a banking crisis is a leading indicator of a currency

crisis, but the opposite does not hold.

Glick and Hutchison (2001) explore the relationship between currency and bank-

ing crises by estimating multivariate probit models for 90 developed and develop-

ing countries during the 1975–1997 period. Their empirical results show that there

is a strong and robust contemporaneous correlation between currency and banking

crises in emerging markets which are undergoing financial liberalization. Similar to

Rossi, they also find that a banking crisis is a leading indicator of a currency crisis,

but not vice versa.

Falcetti and Tudela (2008) investigate the direction of causality between cur-

rency and banking crises using quarterly data for 92 developing and emerging mar-

kets covering the 1970–1997 period. They conclude that currency and banking

crises are driven by common fundamentals, while there is no significant causal link

between the two crises. The difference between the findings of Glick and Hutchison

(2001) and Falcetti and Tudela (2008) may be caused by several factors, such as

differences in sample, models as well as control variables used.

Von Hagen and Ho (2009) employ two dummy proxies for currency and bank-

ing crises derived from continuous variables exceeding particular thresholds. The

proxy for banking crises is based on the index of Von Hagen and Ho (2007) and

the proxy for currency crises is based on the exchange market pressure index. Then

they investigate the relationship between the two types of crises in an annual sam-

ple from 1980 to 2004 for 49 countries. They find that past currency crises help to

predict banking crises but not vice versa.

Eijffinger and Karatas (2013) apply a panel data model to investigate the link-

ages of currency, banking and debt crises in a sample with 20 emerging countries

during 1985–2007. They find that these three types of crises tend to occur simulta-

neously and the occurrences of currency and banking crises raise the probability of
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a debt crisis.

3.3 Measures for currency and banking crises

3.3.1 Continuous variables

Currency crises

The first currency crisis proxy is the exchange market pressure index (EMPI), which

is a weighted average of exchange rate changes and foreign reserve losses,1 defined

for country i in period t as

EMPIit = wi1 ×
∆eit

eit
− wi2 ×

∆Rit

Rit
, i = 1, 2, ..., N, t = 1, 2, ..., T; (3.1)

wi1 =

1
σi(e)

1
σi(e)

+ 1
σi(R)

, wi2 =

1
σi(R)

1
σi(e)

+ 1
σi(R)

.

Here ∆ is the difference operator; e is the units of national currency per SDR2

and R are the foreign reserves; σi(e) and σi(R) are the standard deviations of the

two components in country i. We deviate from Kaminsky and Reinhart (1999) in

the calculation of the weights in Equation (3.1) to avoid the problem that the index

is driven by the least volatile component (see Section 2.3).

Following Kaminsky and Reinhart (1999), we exclude the interest rates com-

ponent in the EMPI. As a sensitivity analysis we also employ an alternative EMPI

definition with interest rates which is constructed as

EMPIit = wi1×
∆eit

eit
−wi2×

∆Rit

Rit
+wi3×

∆rit

rit
, i = 1, 2, ..., N, t = 1, 2, ..., T;

(3.2)

1 Because the measurement of a banking crisis as explained below also includes interest rates we
exclude it here. The index is the same as that of Kaminsky and Reinhart (1999) which is also widely
used in related research.

2 We apply SDR exchange rates instead of bilateral dollar exchange rates to mitigate the impact of
fluctuations of the US dollar.
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wi1 =

1
σi(e)

1
σi(e)

+ 1
σi(R) +

1
σi(r)

, wi2 =

1
σi(R)

1
σi(e)

+ 1
σi(R) +

1
σi(r)

, wi3 =

1
σi(r)

1
σi(e)

+ 1
σi(R) +

1
σi(r)

,

where r is the nominal short-term money market rate which is explained in more

detail in the following subsection.

Banking crises

Laeven and Valencia (2013) provide one of the most comprehensive databases on

systemic banking crises in which they identify 147 banking crises from 1970 to

2011 based on certain events, such as bank runs and banking policy interventions.

As the events method is somewhat subjective, Von Hagen and Ho (2007) and this

thesis Chapter 2 apply more objective data to identify banking crises.

As mentioned in Section 2.2.2, one of the main difficulties that banks face dur-

ing a banking crisis is liquidity shortage. Von Hagen and Ho (2007) capture the

liquidity shortage in the banking system based on real money market interest rates

and central bank reserves to construct the Money Market Pressure Index (MPI) for

identifying banking crises. However, liquidity shortages affect nominal short-term

market rates (Cecchetti and Disyatat, 2010). In addition, existing research suggests

that, if anything, inflation has a positive impact on banking crises (cf. Demirgüç-

kunt and Detragiache, 1998) instead of a negative impact as implied by the index of

Von Hagen and Ho. Thus, this thesis Chapter 2 constructs a modified Money Market

Pressure Index (MMPI) using nominal short-term market rates.

In this chapter, we adopt the modified MPI (MMPI) of this thesis Chapter 2 as

a continuous proxy variable for banking crises, which is constructed as follows:

MMPIit = ωit1∆γit + ωit2∆rit i = 1, 2, ..., N, t = 1, 2, ..., T; (3.3)

ωit1 =

1
σit(∆γ)

1
σit(∆γ)

+ 1
σit(∆r)

, ωit2 =

1
σit(∆r)

1
σit(∆γ)

+ 1
σit(∆r)

,

where γ is the ratio of central bank reserves to total bank deposits, where total bank

deposits consist of demand deposits, time and saving deposits, and foreign liabilities

of deposit money banks. Central bank reserves are loans from monetary authorities.

r is the nominal money market rate. If this series is not available, we substitute it by
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(in preferred order) the Treasury bill rate, the government bond yield, the deposit

rate, the lending rate, and the discount rate. σit(∆γ) and σit(∆r) are the standard

deviations of ∆γ and ∆r in country i at time t calculated over a certain time window.

Based on the results of this thesis Chapter 2, we use 8 quarters as the time window

in this chapter.

3.3.2 Multi-categorical variables

Continuous variables incorporate information during tranquil periods which may

make it difficult to find the relation between the two crises. Therefore we follow

Boonman, Jacobs and Kuper (2012) and divide continuous proxy variables into four

categories.

Specifically, if an observation for one specific index exceeds the mean by more

than 3 standard deviations, it is marked as 3, which means a “very deep” crisis, if one

observation exceeds the mean by more than 2 but less than 3 standard deviations,

it is marked as 2, which means a “deep” crisis, and if one observation exceeds the

mean by more than 1 but less than 2 standard deviations, it is marked as 1, which

means a “mild” crisis; other observations are marked as zero indicating no crisis.

3.3.3 Binary crisis dummies

Finally, we convert the continuous variables into dummy variables. In this chapter

a currency crisis is signaled when the value of the EMPI exceeds the mean plus 1.5

times the EMPI’s standard deviation for the country concerned measured over the

sample period.3 We follow von Hagen and Ho’s (2007) definition that a banking

crisis is signaled when the MMP index meets the following two conditions: (i) the

index exceeds the 98.5 percentile of the sample distribution for the specific country,

and (ii) the increase of MMPI from the previous period is at least 5%.

As an alternative, we also use the database of Laeven and Valencia (2013) to

date banking crises in which 1 denotes a crisis period, and 0 a tranquil period. As

the Laeven-Valencia database is annual and our analysis is based on quarterly data

we proceed as follows: if there is a banking crisis in one specific year according to

3 Lestano and Jacobs (2007) conclude that the resulting crises are not very sensitive to the precise
cut-off value.
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Laeven and Valencia (2013), then all four quarters in this year are denoted as crisis

periods.

3.4 Methods

3.4.1 Granger causality

To test for Granger causality between the two continuous market pressure variables,

we estimate a bivariate VAR system with p lags4

xi,t =ai +
p

∑
j=1

αjxi,t−j +
p

∑
k=1

βkyi,t−k + εx,i,t, (3.4)

yi,t =bi +
p

∑
j=1

λjxi,t−j +
p

∑
k=1

δkyi,t−k + εy,i,t, (3.5)

where xi,t and yi,t denote currency and banking crises in country i at period t, re-

spectively. ai and bi are country specific intercepts, α, β, λ and δ are coefficients,

and εx,i,t and εy,i,t are the error terms. Wald tests are applied to verify whether there

is Granger causality between the two series. We use the Fixed Effects or Within esti-

mator, which is known to be biased. However when the time dimension of the panel

is large enough (T > 30), this estimator is more efficient than other estimators and

its bias vanishes (Kiviet, 1995).

Furthermore, we include control variables to test the robustness of the Granger

causality outcomes. In line with Bauer and Maynard (2012), we set up a finite order

surplus lag model to carry out the Granger causality test that xt does not Granger

cause yt after controlling for zt:

yi,t =
p

∑
j=1

(ψy,jyt−j + ψz,jzt−j) +
px

∑
j=1

ψx,j(xt−j − xt−px−1)

+

(
px+1

∑
j=1

ψx,j

)
xt−px−1 + ε i,t,

(3.6)

4 Similar to Glick and Hutchison (2001), we choose at most 2 lags in the Granger causality model,
and the ordered logit and the logit model that will be explained below.
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where p is 2 for y and z, and px is 2 for x in this paper. Compared to the Granger

causality test with 2 lags of variable x in Equation (3.5), the surplus lag model in

Equation (3.6) requires one more lag (3 lags) for variable x when we add control

variables. Again, country fixed effects are included.

3.4.2 Ordered logit model

If the dependent variable is multi-categorical, we employ the ordered logit model

with fixed effects. Without loss of generality, we employ the banking crises dummy

as the dependent variable. Assume that there are K + 1 possible outcomes, then

yi,t =



0 if y∗i,t ≤ µ1,

1 if µ1 < y∗i,t ≤ µ2,
...

K if µK < y∗i,t,

(3.7)

where yi,t is the observed ordinal banking crises variable in country i at time t, µk

(k = 1, ..., K) is the kth threshold and y∗i,t is the continuous latent variable which is

equal to

y∗i,t = Zi,t = bi +
p

∑
j=1

λjxi,t−j +
p

∑
k=1

δkyi,t−k + zi,tγ + εi,t, (3.8)

where bi is the fixed effects in a panel model; xi,t is the observed ordinal currency

crises variable in country i at time t; zi,t denotes a vector of control variables; γ is a

vector of coefficients of z, respectively; εi,t is the error term. Then the probabilities

for all possible outcomes are

P(yi,t = 0) =
1

1 + e−(Zi,t−µ1)
,

P(yi,t = 1) =
1

1 + e−(Zi,t−µ2)
− 1

1 + e−(Zt−µ1)
,

...

P(yi,t = K) =1− 1
1 + e−(Zi,t−µK)

.

(3.9)
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3.4.3 Logit model

Finally, we estimate a fixed effects logit model to verify the relation between bank-

ing and currency crises if crises are proxied by dummy variables. Once again, we

employ the banking crises dummy as the dependent variable. The logit model is

written as

yi,t =
1

1 + e−Zi,t
, (3.10)

and

Zi,t = bi +
p

∑
j=1

λjxi,t−j +
p

∑
k=1

δkyi,t−k + zi,tγ + εi,t,

where bi is the fixed effects in a panel model; xi,t denotes a dummy variable that

takes the value of one when a currency crisis occurs in country i at time t and zero

otherwise; yi,t denotes a dummy variable that takes the value of one when a banking

crisis occurs in country i at time t and zero otherwise; zi,t denotes a vector of control

variables, γ is a vector of the coefficients of z and εi,t is the error term. In the logit

model, the probability distribution applied is the logistic function.

3.5 Data

Both EMPI and MMPI are constructed from macro data which is easily accessible.

The empirical analysis is based on quarterly data for a sample of countries that is

larger than used in previous studies, covering a longer period. Data for the com-

ponents of EMPI and MMPI is obtained from the IMF’s International Financial

Statistics. This sample includes 94 developing and emerging countries during the

1980Q1–2010Q4 period (see Appendix Table B.1).

This sample has 124 banking crises observations in 85 countries based on the

MMPI and 67 banking crises with 727 crises observations in 48 countries based on

the Laeven-Valencia database and 517 currency crises observations in 92 countries

based on the EMPI. We focus on the crises in developing and emerging countries as

most studies reviewed in Section 3.2 focus on crises in these countries.
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When studying the determinants of banking or currency crises, researchers pre-

fer to delete the observations after the occurrence of a crisis to avoid endogeneity

issues. However, one type of crises may be followed by the other type of crises

within a short time.5 We also investigate the impact of lagged crises on the same

type of crises. Therefore, we use all observations for our empirical analysis. Falcetti

and Tudela (2008) also employ the whole sample to investigate the relation between

currency and banking crises.

The empirical literature has identified an extensive list of leading indicators for

currency and banking crises (e.g. Demirgüç-Kunt and Detragiache, 1998; Kamin-

sky, Lizondo and Reinhart, 1998; Glick and Hutchison, 2001; Burkart and Coudert,

2002; Shehzad and de Haan, 2009; Duttagupta and Cashin, 2011; and Cumperayot

and Kouwenberg, 2013), and we employ commonly used control variables as causes

for the two crises. These variables are real GDP growth, inflation, domestic currency

undervaluation, M2/Reserves, growth of claims on the private sector/GDP, external

debt/reserves, short-term debt/reserves as well as price increases of fuel and metals

(for more details see Appendix Table B.2).

Data for the control variables come from the International Financial Statistics

and the World Bank’s World Development Indicators. Because several control vari-

ables, such as real GDP growth and debt variables, are annual data, we linearly in-

terpolate them into quarterly data. In addition, each variable is seasonally adjusted

using the X-11 method.

Table 3.1 lists descriptive statistics of all variables. Most of the means are close

to zero, except for the ratios of M2 over reserve money, external debt over reserves,

and short-term debt over reserves. Standard deviations of all variables are also small,

except for the three ratios mentioned above and the undervaluation of the exchange

rate.

5 In this chapter we want to investigate the lead-lag relation between currency and banking crises, so
we employ the lagged crisis data as explanatory variables when the other kind of crisis is the dependent
variable which can mitigate the impact of endogeneity.
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We employ Choi (2001) panel unit root tests for finite panels. In our case, T

=124, which should be high enough for applying this test. The null hypothesis of

this test states that a data series has a unit root. The test results in Table 3.2 show

that each stacked sequence is stationary at the 1% level.

Table 3.2. Panel unit root test outcomes for all variables

Statistic p-value
EMPI 253.078 0.0000
MMPI 260.825 0.0000
GDP Growth 3.424 0.0003
Inflation 137.083 0.0000
Undervaluation 43.702 0.0000
M2/Reserves 11.007 0.0000
Growth of private claims over GDP 243.477 0.0000
External debt over total reserves 32.197 0.0000
Short-term debt over reserves 33.689 0.0000
Fuel inflation 108.803 0.0000
Metals inflation 181.028 0.0000
# of countries 94
Avg. # of periods 88.18

Notes: The test used in this table is the panel unit root test of Choi (2001).

3.6 Empirical results

3.6.1 Relationship between EMPI and MMPI

This subsection uses the two continuous market pressure indexes to investigate the

relationship between currency and banking crises. Figure 3.1 shows the time series

of EMPI and MMPI in 8 selected countries which suffered from both currency and

banking crises according to Reinhart and Rogoff (2009).

In Argentina, both currency and banking crises occurred during 1988–1989 ac-

cording to Reinhart and Rogoff (2009). In Figure 3.1, during this period both EMPI

and MMPI have an upward trend, indicating that two indexes can capture the two
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types of crises correctly. In addition, both MMPI and EMPI changed simultaneously

within a short period during 1988–1989, implying that there may be a relation be-

tween the two indexes. Also in the other seven countries volatilities of MMPI and

EMPI frequently increase simultaneously within a short period suggesting that a

(bi-)directional relationship may exist between MMPI and EMPI.
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Figure 3.1. Trends of EMPI and MMPI in 8 selected countries

Notes: “Currency crisis” denotes the index EMPI on the left vertical axis, and “Banking crisis”
denotes the index MMPI on the right vertical axis.
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Next, Granger causality tests are performed to investigate the relationship more

precisely. First, we discuss the relationship between the two indexes without control

variables. Table 3.3 shows that lagged MMPI does not significantly Granger-cause

EMPI at the 1% level. But when we use the indexes up to two lags to construct

the second model in Table 3.3, the results show that lagged MMPI significantly

Granger-causes EMPI which is consistent with the results of the Wald test. So we

conclude that MMPI is a significant leading indicator of EMPI.

Table 3.3. Outcomes of Granger causality tests without control
variables

Model1 Model2
Coef Z test Coef Z test

Panel 1: dependent variable: EMPI
EMPI(-1) 0.159*** 14.540 0.151*** 13.680
EMPI(-2) 0.000 −0.860
MMPI(-1) 0.000 −0.740 0.049*** 4.500
MMPI(-2) 0.002*** 6.330
Wald test 20.490***

Panel 2: dependent variable: MMPI
EMPI(-1) 2.337*** 5.270 2.395*** 5.330
EMPI(-2) −0.015 −1.340
MMPI(-1) −0.015 −1.360 −0.357 −0.800
MMPI(-2) −0.009 −0.770
Wald test 14.230***

Notes: The symbols (-1) and (-2) denote the first and second lag, respec-
tively. The null hypothesis of the Wald test is that MMPI (EMPI) does not
Granger-cause EMPI (MMPI). The symbols ***, **, and * denote signifi-
cance at the 1%, 5%, and 10% levels, respectively.

In addition, when the dependent variable is MMPI, EMPI with one lag Granger-

causes MMPI significantly at the 1% level in both models. In addition, the Wald test

is also significant at the 1% level, so we conclude that EMPI is a significant leading

indicator of MMPI.

Next, we investigate the robustness of the relationship between EMPI and MMPI

by including control variables. The results in Table 3.4 show that when the depen-

dent variable is EMPI, lagged MMPI has a significant impact on EMPI, and the
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Wald test yields the same conclusion. When the dependent variable is MMPI, EMPI

with one lag has a significant impact on MMPI indicating that EMPI Granger-causes

MMPI. Although the coefficient of the third lag of EMPI is significantly negative,

its value is smaller than that of the first lag and the Wald test is significant, so that

overall EMPI has a significant positive impact on MMPI.

When EMPI is the dependent variable, the lagged dependent variable has a sig-

nificant positive coefficient in all three models, indicating that state dependence

exists for currency crises. In other words, if a country has experienced a currency

crisis there is a high probability that it will soon face another currency crisis.

To conclude, in this subsection, we have employed Granger causality tests to

investigate the relation between banking and currency crises and find that if we use

EMPI and MMPI as proxies for currency and banking crises, MMPI significantly

Granger-causes EMPI and EMPI significantly Granger-causes MMPI. In addition,

there is evidence for state dependence in EMPI but not in MMPI.
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Table 3.4. Outcomes of Granger causality tests with control variables

Dependent variable: EMPI MMPI
Coef Z test Coef Z test

EMPI(-1) 0.123*** 10.72 2.566*** 5.32
EMPI(-2) 0.016 1.41 −0.600 −1.26
EMPI(-3) −0.915* −1.93
MMPI(-1) 0.000 −0.71 −0.005 −0.43
MMPI(-2) 0.001*** 4.43 −0.014 −1.03
MMPI(-3) 0.000 −1.32
GDP Growth(-1) −0.180*** −4.01 −1.658 −0.88
GDP Growth(-2) 0.016** 2.27 0.401 1.4
Inflation (-1) 0.000*** −3.36 0.000 −0.51
Inflation (-2) −0.001 −0.33 0.270*** −3.63
Undervaluation(-1) −0.006 −0.90 −1.831*** −6.29
Undervaluation(-2) 0.000*** −4.03 0.000 −0.07
M2/Reserves(-1) 0.000*** 4.89 0.000 −0.01
M2/Reserves(-2) 0.009 0.67 −0.694 −1.23
Growth of claims/GDP(-1) −0.010 −1.41 0.800*** 2.73
Growth of claims/GDP(-2) 0.105** 2.35 1.154 0.62
External debt/reserves(-1) 0.053*** 7.82 0.498** 2.07
External debt/reserves(-2) 0.000*** −3.01 0.000 0.59
Short-term debt/reserves(-1) −0.002 −1.02 0.273*** 3.62
Short-term debt/reserves(-2) −0.026*** −3.72 −0.112 −0.39
Fuel inflation(-1) 0.000*** 2.70 0.000 0.28
Fuel inflation(-2) 0.000*** −3.17 0.000 −0.25
Metals inflation(-1) −0.023* −1.71 0.815 1.43
Metals inflation(-2) −0.029*** −4.23 −0.513* −1.76
Wald test 6.880*** 10.880***

Notes: The symbols (-1) and (-2) denote the first and second lag, respectively. The null hypothesis
of the Wald test is that MMPI (EMPI) does not Granger-cause EMPI (MMPI). The symbols ***,
**, and * denote significance at the 1%, 5%, and 10% levels, respectively.
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3.6.2 Relationships between multi-categorical crisis variables

In the previous subsection we used continuous variables as proxies for currency and

banking crises. Here we analyze the relation between the two types of crises using

multi-categorical variables. Figure 3.2 shows ordered currency and banking crises

variables for the same 8 countries as in Figure 3.1. Most currency and banking crises

occur around the same time, such as 1988-1989 in Argentina, 1986-1988 in Brazil,

and 1996-1998 in Indonesia.

Next, we estimate fixed effects ordered logit models to verify the relationship

between the two multi-categorical crisis variables. Results without control variables

are shown in Panel 1 of Table 3.5. When the dependent variable is currency crises,

the first and second lag of the banking crises variable have a significant positive

impact on currency crises, indicating that banking crises increase the probability of

currency crises. With banking crises as the dependent variable, the first lag of cur-

rency crises has a significant positive impact indicating that currency crises increase

the probability of banking crises in the next quarter. So, the occurrence of a banking

(currency) crisis increases the probability that a currency (banking) crisis will occur.

Moreover, in both models the lagged dependent variables have significant positive

coefficients, suggesting state dependence for currency and banking crises.
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Figure 3.2. Multi-categorical currency and banking crises in 8 selected countries
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Table 3.5. Outcomes of ordered logit models

Dependent variable: Currency Crises (CC) Banking Crises (BC)
Coef Z test Coef Z test

Panel 1: outcomes without control variables
CC(-1) 0.503*** 9.435 0.436*** 6.648
CC(-2) 0.146** 2.352 0.113 1.484
BC(-1) 0.307*** 4.964 0.546*** 8.611
BC(-2) 0.137** 2.047 0.125 1.585
LR test 281.930 279.540
P-value 0.000 0.000

Panel 2: outcomes with control variables
CC(-1) 0.456*** 8.240 0.393*** 5.710
CC(-2) 0.064 0.970 0.081 1.020
BC(-1) 0.289*** 4.540 0.541*** 8.330
BC(-2) 0.062 0.870 0.098 1.190
GDP Growth(-1) −4.643*** −5.370 −3.103*** −2.980
Inflation (-1) 0.540*** 3.470 0.197 0.990
Undervaluation(-1) −0.001*** −4.410 0.000 −0.890
M2/Reserves(-1) −0.110*** −3.610 0.037 1.010
Growth of claims/GDP(-1) −0.226 −1.050 0.244 1.110
External debt/reserves(-1) 0.000 −1.600 0.000 0.020
Short-term debt/reserves(-1) 0.003** 2.310 0.001 0.590
Fuel inflation(-1) −0.581 −1.170 −2.657*** −4.010
Metals inflation(-1) −0.712*** −2.560 0.908*** 2.670
LR test 385.350 378.510
P-value 0.000 0.000

Notes: CC denotes “Currency Crisis” and BC denotes “Banking Crisis”. The symbols (-1) and
(-2) denote the first and second lag, respectively. LR test is the likelihood ratio test which is used
to measure the goodness of fit of a model. The symbols ***, **, and * denote significance at the
1%, 5%, and 10% levels, respectively.

To investigate the robustness of the relationship between currency and banking

crises, we also estimate fixed effects ordered logit models with control variables.

The results shown in Panel 2 of Table 3.5 are similar to those in Panel 1. Specifically,

the conclusion that banking crises (currency crises) with a one-period lag have a

significant impact on currency crises (banking crises) is robust, while both currency

and banking crises are state dependent.
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3.6.3 Relationship between binary currency and banking crises dum-
mies

We convert EMPI and MMPI into crisis dummy variables and employ these dum-

mies in a fixed effects logit model which is similar to the work of Von Hagen and Ho

(2009). We start again with a model in which only lagged endogenous variables are

used as regressors. Panel 1 of Table 3.6 shows that the first lag of the banking cri-

sis dummy has a significant positive impact on currency crises. Moreover, currency

crises also affect banking crises significantly.

In a logit model, the estimated coefficients do not indicate the increase of the

probability of a banking (currency) crisis given that there is a currency (banking)

crisis. Instead, the coefficients reflect the impact of a currency (banking) crisis on

a banking (currency) crisis by ln[P(i, t)/(1− P(i, t))], which also depends on the

initial probability P(i, t).

When the dependent variable is the currency crisis dummy, the lagged depen-

dent variable has a significant positive coefficient which indicates that currency

crises have a high degree of state dependence. But banking crises are not state de-

pendent.

As a robustness check, we add control variables and re-estimate the logit mod-

els. Panel 2 of Table 3.6 shows that the bilateral leading relationship between the

two types of crises is robust. Once again, only currency crises have a high degree

of state dependence. Different from the results in this section, Von Hagen and Ho

(2009) find that past currency crises help to predict banking crises but not vice versa.

Finally, we apply the Laeven-Valencia database as a dummy proxy for banking

crises and employ the logit model again to re-investigate the relationship between

currency and banking crises. Because in Laeven and Valencia (2013) most banking

crises last more than four quarters (with an imposed maximum of 20 quarters),

current and lagged banking crises observations have a high correlation (more than

0.8).6 Thus, we exclude lagged dependent proxies when the dependent variable is

banking crises and only apply banking crises with one lagged period as the factor

6 In the other three cases,i.e. continuous, multi-categorical, and dummy based on MMPI variables,
correlations between current and lagged currency (banking crises) are lower than 0.33.



56 Chapter 3

Table 3.6. Outcomes of logit models based on MMPI

Dependent variable: Currency Crises (CC) Banking Crises (BC)
Coef Z test Coef Z test

Panel 1: outcomes without control variables
CC(-1) 1.098*** 8.590 1.252*** 5.240
CC(-2) 0.301** 1.970 0.393 1.310
BC(-1) 0.723*** 2.850 0.615 1.390
BC(-2) 0.249 0.810 −0.363 −0.500
LR test 88.650 33.600
P-value 0.000 0.000

Panel 2: outcomes with control variables
CC(-1) 0.993*** 7.470 1.157*** 4.640
CC(-2) 0.160 0.980 0.313 1.010
BC(-1) 0.485*** 1.760 0.558 1.250
BC(-2) −0.144 −0.420 −0.641 −0.830
GDP Growth(-1) −6.044*** −5.820 −2.849 −1.420
Inflation(-1) 0.531*** 2.690 0.261 1.010
Undervaluation(-1) 0.000*** −2.670 −0.001** −2.130
M2/Reserves(-1) −0.115*** −2.920 −0.051 −0.660
Growth of claims/GDP(-1) −0.366 −1.310 −0.157 −0.340
External debt/reserves(-1) 0.000 −1.540 0.000 −0.660
Short-term debt/reserves(-1) 0.003*** 2.230 0.002 1.210
Fuel inflation(-1) −0.526 −0.820 −3.341** −2.460
Metals inflation(-1) −0.846*** −2.360 1.246* 1.860
LR test 169.600 46.830
P-value 0.000 0.000

Notes: CC denotes “Currency Crises” and BC denotes “Banking Crises”. The symbols (-1) and
(-2) denote the first and second lag, respectively. LR test is the likelihood ratio test which is used
to measure the fit of a model. The symbols ***, **, and * denote significance at the 1%, 5%,
and 10% levels, respectively.
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when the dependent variable is currency crises.7

Panel 1 of Table 3.7 shows that the first lag of the banking crisis dummy has

a significant positive impact on currency crisis. Moreover, lagged currency crises

also affect banking crises significantly. As shown in Panel 2 of Table 3.7, including

control variables does not change the findings so that we conclude that the bilateral

leading relationship between the two crises is robust. In addition, currency crises

have a high degree of state dependence. Because the correlations between current

and lagged banking crises are higher than 0.8, there may also be a state dependence

in banking crises.

3.6.4 Sensitivity tests

In this section, we test the sensitivity of the relationship between currency and bank-

ing crises. Firstly, to control for the effects of changes in the global financial system,

we add time dummy variables and re-estimate the three models shown in section 3.4.

The results are shown in Appendix Tables B.3–B.6.

The empirical results controlling for time effects are the same as reported in

previous sections when using continuous, multi-categorical variables and dummy

variables based on the Laeven-Valencia database. However, when dummy variables

based on MMPI are used as dependent variable, the results for the two models

(shown in Appendix Table B.5) are different from those reported in section 3.6.3.

Specifically, the impact of banking crises on currency crises is only significant in

one model.

Secondly, we split the sample into different groups of countries to investigate

whether results are robust for different samples of countries. The list of emerging

markets is obtained from the IMF’s World Economic Outlook (2012).8 This sample

includes 18 emerging markets yielding 1651 observations, with 26 banking crises

observations and 119 currency crises observations.

The results for different country samples are shown in Appendix Table B.7–

B.10. The results for the continuous, multi-categorical variables and dummy vari-

ables based on the Laeven-Valencia database are the same as reported previously.

7 If we apply banking crises variable with two lagged periods, results are similar.
8 Website: http://www.imf.org/external/pubs/ft/weo/2012/update/02/index.htm.
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Table 3.7. Outcomes of logit models based on Laeven-Valencia database

dependent variable: Currency Crises (CC) Banking Crises (BC)
Coef Z test Coef Z test

Panel 1: outcomes without control variables
CC(-1) 1.063*** 8.340 1.093*** 7.850
CC(-2) 0.253 1.640 0.939*** 6.620
BC(-1) 0.913*** 6.390
LR test 118.40 110.55
P-value 0.000 0.000

Panel 2: outcomes with control variables
CC(-1) 0.970*** 7.330 0.863*** 5.670
CC(-2) 0.115 0.710 0.618*** 3.930
BC(-1) 0.735*** 4.860
GDP Growth(-1) −4.940*** −4.690 −17.786*** −15.420
Inflation(-1) 0.500*** 2.560 0.404* 1.780
Undervaluation(-1) 0.000** −2.470 0.000** −2.210
M2/Reserves(-1) −0.120*** −3.040 0.061** 1.990
Growth of claims/GDP(-1) −0.270 −0.990 −0.941*** −2.890
External debt/reserves(-1) 0.000* −1.690 0.000 1.590
Short-term debt/reserves(-1) 0.003** 2.340 0.000 0.040
Fuel inflation(-1) −0.404 −0.630 −1.964*** −3.160
Metals inflation(-1) −0.843** −2.350 −0.357 −1.070
LR test 188.750 468.730
P-value 0.000 0.000

Notes: CC denotes “Currency Crises” and BC denotes “Banking Crises”. The symbols (-1) and
(-2) denote the first and second lag, respectively. LR test is the likelihood ratio test which is used
to measure the fit of a model. The symbols ***, **, and * denote significance at the 1%, 5%, and
10% levels, respectively.
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The outcomes using dummy variables based on MMPI are also very similar to pre-

vious findings. However, in developing countries, banking crises based on MMPI

have no impact on currency crises which is similar to the results of Von Hagen and

Ho (2009) for their full sample.

Table 3.8 summarizes all results obtained so far. It becomes clear that the results

are robust for continuous, multi-categorical variables and dummy variables based

on the Laeven-Valencia database. However, if dummy variables based on MMPI

are used, banking crises do not lead currency crises when the models are estimated

including time fixed effects or for developing countries, indicating that the results

based on this kind of dummy variables are sensitive.

The reason may be that MMPI (with a threshold of 98.5% percentile given by

Von Hagen and Ho (2007)) can identify the onset of a banking crisis, but may fail

to properly identify its length. For instance, the number of crises quarters identified

by the dummy variables based on MMPI (124) is much lower than that identified

by the Laeven-Valencia database (727). Moreover, we compare the average length

of banking crises identified by MMPI and the Laeven-Valencia database. Here, we

follow Laeven and Valencia (2013) and assume that if two signals occur within

20 quarters, then these two signals belong to the same banking crisis. The average

length of each banking crisis identified by the MMPI (with a threshold) is 1.28

quarters, while it is 10.85 quarters in the Laeven-Valencia database. Due to the lower

number of banking crises and their shorter duration, it is reasonable that the banking

crises dummy based on MMPI has a less robust and significant impact on currency

crises than the other proxies.

This table makes it also clear that currency crises have a high degree of state

dependence in all four cases, but that the state dependence for banking crises is not

robust. Specifically, banking crises have a high degree of state dependence if multi-

categorical variables are used, but not if continuous or dummy variables based on

MMPI are employed.

Finally, we have redone the analyses using an EMPI that also includes inter-

est rates as described by Equation (3.2). Then, we employ the continuous, multi-

categorical and dummy proxies of the new EMPI for currency crises, and investi-

gate the lead-lag relation between currency and banking crises. Table B.11 shows
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Table 3.8. Summary of results for all models

lagged BC->CC lagged CC->CC lagged CC->BC lagged BC->BC

Panel 1: Using continuous variables as dependent variables
Basic results Y Y Y N
Add Time Dummies Y Y Y N
Developing countries Y Y Y Y-
Emerging markets Y Y Y N

Panel 2: Using multi-categorical variables as dependent variables
Basic results Y Y Y Y
Add Time Dummies Y Y Y Y
Developing countries Y Y Y Y
Emerging markets Y Y Y Y

Panel 3: Using dummy variables (MMPI) as dependent variables
Basic results Y Y Y N
Add Time Dummies Y- Y Y N
Developing countries N Y Y N
Emerging markets Y Y Y N

Panel 4: Using dummy variables (Laeven-Valencia) as dependent variables
Basic results Y Y Y -
Add Time Dummies Y Y Y -
Developing countries Y Y Y -
Emerging markets Y Y Y -

Notes:
1. The first column shows whether banking crises lead currency crises, while the second column shows
whether currency crises have a high degree of state dependence. Similarly, the last two columns show
whether currency crises lead banking crises and whether banking crises have a high degree of state depen-
dence.
2. The top panel shows the outcomes when using continuous variables, while the second panel in the table
summarizes the results when using multi-categorical variables. The last two panels show the results for
dummy variables based on MMPI and the Laeven-Valencia database, respectively.
3. For each panel, the first row shows the results obtained in Sections 3.6.1–3.6.3. The second row shows
the results including time dummies, while the final two rows distinguish between the findings for develop-
ing countries and emerging markets, respectively.
4. In this table, the symbol “Y” means that the coefficients are significant in models both with and without
control variables, “Y-” means that coefficients are significant in one of the two models, “N” means coeffi-
cients are not significant in both models, and “-” means that this direction is not investigated in models.
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outcomes based on this alternative EMPI. The results are similar to those shown in

Table 3.8. The main difference is the results obtained when the dummy for bank-

ing crises is constructed based on the MMPI. First, the bilateral leading relationship

becomes significant in both models when adding time fixed effects. The reason for

this difference might be that the common component included, namely interest rates,

strengthens the bilateral leading relationship between the two proxies. Secondly, in

developing countries past banking crises help to predict currency crises but the con-

verse is not true.

3.7 Conclusions

This chapter investigates the relationship between currency and banking crises in 94

developing and emerging countries using quarterly data from 1980 to 2010 which

can more precisely clarify the lead-lag relationship when the two crises occur in

the same year. Different from earlier studies, we proxy the two crises in four ways.

First, we use two continuous variables, namely the Exchange Market Pressure Index

(EMPI) and the modified Money Market Pressure Index (MMPI), to proxy currency

and banking crises, respectively. Then, we convert the two continuous variables into

multi-categorical variables, distinguishing very deep crises, deep crises, mild crises

and tranquil periods. Third, we convert EMPI and MMPI into dummy variables,

adopting the decision rules of Eichengreen, Rose and Wyplosz (1996a) for currency

crises and of Von Hagen and Ho (2007) for banking crises. Finally, we use the

Laeven-Valencia database as an alternative proxy of banking crises in combination

with the dummy variable based on EMPI for currency crises.

The results show that in most cases currency crises tend to lead banking crises

and vice versa. This result is robust for different periods and different samples of

countries. This conclusion differs from those of most previous studies, but is similar

to that of Kaminsky and Reinhart (1999). However, lagged banking crises do not

lead currency crises robustly when we proxy banking crises by dummies based on

the market pressure index. The reason might be that the dummy based on the MMPI

can identify the onset of a banking crisis, but fails to identify for how long the

crisis lasts. In addition, currency crises have strong state dependence, indicating
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that countries which experienced a currency crisis in the past are more likely to face

another currency crisis, but this does not hold for banking crises.

For policy implications, policy measures for avoiding a banking (currency) cri-

sis have the additional benefit of decreasing the probability of the other crisis. In

other words, steps to enhance the stability of banking sector may reduce the proba-

bility of a currency crash; measures used for promoting exchange rate stability may

support a stable banking system.



Chapter 4

The spread of financial turbulence
during the Global Financial
Crisis: Interdependence or
spillover effects?∗

4.1 Introduction

The Global Financial Crisis (GFC) that started in the US led to banking crises in

more than 20 countries (Laeven and Valencia, 2013). Different from earlier crises,

the GFC not only affected many countries but also did so within a short period

(see Figure 1.1). Both features have stimulated scholars to investigate the spread of

financial turbulence (cf. Cetorelli and Goldberg, 2010; Aloui, Aı̈ssa and Nguyen,

2011; Forbes, 2012).

Two mechanisms can explain financial turbulence propagation, namely spillover

effects and interdependence. Forbes (2012) defines spillover effects as a significant

increase of the linkages across countries (or markets) after a shock in one country

(or market), whereas interdependence is defined as strong linkages between two

countries (or financial markets) that exist at all times.

Appropriate policy interventions may depend on the propagation mechanism at

∗This chapter is based upon joint work with Jakob de Haan and Jan Jacobs.
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work. For example, in case of interdependence due to strong trade relations trade

diversification could be effective to reduce propagation of financial turbulence. In

contrast, liquidity support or other forms of financial assistance are probably not

very effective under those circumstances and may even delay appropriate adjust-

ments. If financial turbulence spreads due to spillovers effects like a freeze of the

money market, liquidity support to stabilize the banking system could be more ef-

fective.

It is also important to identify the transmission channel of financial turbulence

propagation. Research by Mendoza and Quadrini (2010) suggests that capital flows

play an important role in the propagation of financial crises. Also other linkages,

such as trade, can transmit a crisis from one country to another (Calvo and Rein-

hart, 1996). Moreover, Glick and Rose (1999) argue that crises occur regionally

suggesting that distance plays a role.

The purpose of this chapter is to investigate spillover and interdependence ef-

fects of financial turbulence during the Global Financial Crisis, distinguishing be-

tween trade, capital flows and distance channels. Following Caprio and Klinge-

biel (1996) and Demirgüç-Kunt and Detragiache (1998) we apply the ratio of non-

performing loans to total gross loans as proxy for turbulence in the banking system

and use spatial econometric techniques to analyze propagation of financial turbu-

lence. Propagation is characterized by spatial dependence, which is a special case

of cross-sectional dependence, in the sense that the structure of the correlation or

covariance between observations with different linkages is derived from a specific

ordering, determined by the relative position of the observations in trade, capital

flows or geographic space. This definition of space dependence is similar to but

broader than the definition given by Anselin (2006, p. 901) who only focuses on

geographic space.

We consider three transmission channels: (i) the trade channel, measured by ex-

ports and imports between countries; (ii) the capital flows channel, measured by

bank lending in one country to residents in other countries; and (iii) distance, cal-

culated by the distance between the capitals of two countries. These three channels

are frequently referred to as transmission channels of crisis propagation (cf. Glick

and Rose, 1999; Corsetti et al., 2000; Kaminsky and Reinhart, 2000; Forbes, 2012).
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The paper that comes closest to our research is Triki and Maktouf (2012). They

adopt a spatial Durbin model to investigate the relationship between financial lib-

eralization and banking crises based on a sample of 40 emerging and developed

countries during the 1989–2010 period. They find evidence that banking crises

spread across countries. However, they neither distinguish spillover effects of bank-

ing crises from interdependence nor do they investigate whether trade and financial

channels play a role in banking crises propagation.

Our empirical results suggest that financial turbulence has robust interdepen-

dence effects through the trade and distance channels. Moreover, financial turbu-

lence has a robust spillover effect through the capital flows channel. Our results also

suggest that the capital flows channel better describes financial turbulence propaga-

tion than the other two channels in the financial turbulence propagation. Meanwhile,

inflation plays a robust and significant role in the spillover effects of financial tur-

bulence through all three channels.

The setup of this chapter is as follows. Section 4.2 reviews the literature on

spillover effects and interdependence, and the transmission channels. Section 4.3

describes our spatial panel data models, while section 4.4 introduces the data used.

Section 4.5 reports our estimation results and offers the outcomes of some robust-

ness tests. Finally, Section 4.6 concludes.

4.2 Literature review

4.2.1 Definitions of spillover effects and interdependence

Forbes and Rigobon (2002) and Forbes (2012) define spillover effects as a sig-

nificant increase of the linkages across several financial markets after a shock in

one country. Similarly, the World Bank talks about spillover effects “when cross-

country correlations increase during crisis times relative to correlations during tran-

quil times.” Forbes (2012) defines interdependence as a strong linkage between two

financial markets during all periods. Therefore, based on these definitions, interde-

pendence indicates a strong, structural relationship across countries or markets at all

times. In contrast, spillover effects only emerge during a crisis and are temporary.
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4.2.2 Spillover channels

In this chapter, we focus on financial turbulence propagation through two types of

economic activities, namely trade and capital flows. Glick and Rose (1999) claim

that currency crises tend to affect countries which are located nearby. Likewise,

Kaminsky and Reinhart (2000) argue that banking crises tend to be regionally cen-

tered. Thus we will also take distance into account in our analysis of the propagation

of financial turbulence.

Trade linkage

Trade can transfer financial turbulence through competition and bilateral trade. For

example, Corsetti et al. (2000) claim that competitors can be affected by each other.

If Countries A and B export similar goods to Country C, a devaluation of Country

A’s currency improves its competitive position, and Country C will import more

goods from A and less from B. This change will create a balance-of-payment dif-

ficulty in Country B. To regain the equilibrium, Country B has either to devalue its

currency or adjust through a recession (or both).

Gerlach and Smets (1995) develop a model for two countries of which the first

country has a depreciated currency against that of a third country. Its competitive-

ness improves, which affects the second country directly (lower exports), and in-

directly (higher imports at lower prices, which causes lower inflation and lower

demand for money), with a consequent depreciation in the second country.

More recently, Kali and Reyes (2010) apply bilateral trade data to study “finan-

cial contagion” in 182 countries during the period 1992–2000, and find evidence

for this through a complex network of trade linkages.1 Because spatial economet-

rics techniques can also capture the features of bilateral trade between countries,

we follow Kali and Reyes (2010) and consider financial turbulence propagation via

bilateral trade relations.
1 As financial contagion involves the changes in expectations that are unrelated to changes in a coun-

try’s macroeconomic fundamentals (Masson, 1999), Kali and Reyes (2010) seem to use the definition
of spillovers.
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Bank lending linkage

After the Southeast Asian crisis in 1997, financial linkages were identified as propa-

gation channel of financial turbulence. Notably banks and portfolio investors play an

important role in crisis transmission (Kaminsky and Reinhart, 2000; Forbes, 2012).

We focus on bank lending in transmitting financial turbulence, because bank lend-

ing can affect financial turbulence in the banking system more directly than other

financial flows.

During a crisis period, the banking sector may face liquidity shortages. In addi-

tion, the market value of bank assets may decrease. If banks respond by re-balancing

their portfolios, they prefer to reduce their foreign exposures and the volume of for-

eign bank claims (De Haas and Van Lelyveld, 2014). As a result, liquidity short-

ages, decreasing credit supply and increasing default risk become more serious in

the debtor countries, which therefore increase the probability of financial turbulence

in the banking system in these countries. Thus, financial turbulence in the banking

system of one country can be transmitted to other countries, even if these countries

have stable fundamentals and do not have strong trade relations with the country

where the crisis originated. Similar to the trade channel, we employ data on bilat-

eral bank lending to measure the linkages between countries.

4.2.3 Propagation of financial turbulence

Up to now, few papers have studied the propagation of financial turbulence. In ad-

dition, these studies (which will be discussed in more detail below) have not made

the distinction between spillover effects and interdependence, but focus on spillover

effects. For example, Kaminsky and Reinhart (1999) investigate spillover effects

between banking and currency crises using a sample of 20 countries from 1970 to

1995. Their results suggest that banking crises can spread to currency crises. Glick

and Hutchison (2001) employ a sample of 90 developed and developing countries

during the 1975–1997 period and find that there is a contemporaneous correlation

between currency and banking crises in emerging markets.

Van Rijckeghem and Weder (2003) investigate the role of bank lending in the

financial crises of the 1990s using a sample of 30 emerging markets. Their results
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suggest that bank lending plays a significant role in crises propagation across coun-

tries. Similarly, Cetorelli and Goldberg (2010) conclude that global banks play a

significant role in the transmission of the Global Financial Crisis from developed

countries to emerging markets. Santor (2003) constructs an index to test the spillover

effects of banking crises. His results show that spillover effects occur between coun-

tries that have a similar income level, rather than between countries that are located

closely to each other.

4.3 Models

Anselin, Le Gallo and Jayet (2008) point out that when specifying spatial depen-

dence among units, a spatial panel model may incorporate a spatially lagged depen-

dent variable or a spatially autoregressive process in the error term; these models

are known as the spatial lag model and spatial error model, respectively. The spa-

tial Durbin model contains both a spatially lagged dependent variable and spatially

lagged independent variables. For details of spatial models see Elhorst (2014, Chap-

ter 3).

We employ the spatial Durbin model to study financial turbulence propagation.

The spatial Durbin model produces unbiased coefficients estimates if the true data

generation process is a spatial lag, spatial error, or a combined spatial lag–spatial

error model, which means that the spatial Durbin model is applicable in most situa-

tions (LeSage and Pace, 2009).

The spatial Durbin model is shown in Equation (4.1)

yit = δ
N

∑
j=1

wijyjt + xitβ +

(
N

∑
j=1

wijxjt

)
θ+ µi + λt + εit, (4.1)

where yit is the dependent variable for country i at time t (i = 1, ..., N; t = 1, ..., T);

∑j wijyjt stands for the interaction effects of financial turbulence in country i with

its neighboring countries, and wij is the element of a predetermined nonnegative

spatial weight matrix W and describes the degree of linkage between country i and

j, and wii is equal to zero;2 δ is the coefficient of endogenous interaction effects

2 We assume that the matrix is the same for dependent and independent variables.
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among all countries; xit is a 1× K vector of control variables, β and θ are K × 1

vectors of coefficients; µi and λt denote the spatial and time-period fixed effects,

respectively; εit is an independent and identically distributed error term for all i and

t with zero mean and variance σ2.

We add three interaction terms between dependent variables, control variables

and crisis dummy variables to capture the existence of spillovers. Thus, the spatial

Durbin model that we use can be written as:

yit = δ
N

∑
j=1

wijyjt + η
N

∑
j=1

wij(yjtdt)

+ xitβ + (xjtDt)ζ +

(
N

∑
j=1

wijxjt

)
θ+

(
N

∑
j=1

wij(xjtDt)

)
γ + µi + εit,

(4.2)

where Dt is a vector of dummy variable dt which takes the value 1 in a crisis pe-

riod and 0 otherwise; η is the coefficient of endogenous interaction effects among

all countries during the crisis period; ζ and γ are K × 1 vectors of coefficients.

We eliminate the time-period fixed effects λt in Equation (4.1) because the crisis

dummy variable is also a time effect variable.3 We assume that the weight matrices

do not change because of the existence of spillovers.

If the coefficient δ is significantly different from zero, financial turbulence has

a high degree of interdependence across countries. A significant coefficient η in-

dicates the existence of spillover effects in financial turbulence spreading across

countries. Similarly, if the coefficient θ is significantly different from zero, eco-

nomic fundamentals play an important role in financial turbulence interdependence,

and a significant coefficient γ indicates that economic fundamentals play an impor-

tant role in financial turbulence spillovers.

We estimate the spatial models by the method of maximum likelihood and will

apply likelihood ratio (LR) tests to investigate whether the spatial fixed effect is

3 The value of the dummy crisis variable is zero during the tranquil period and one during the crisis
period. In a time fixed effects model, for example, the variable to identify the year 2008 is one in
2008 and zero otherwise. Thus there is a high correlation between the two variables, so the time fixed
effects variables are dropped in this model.
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significant.4 Below we follow Elhorst (2014) and apply Likelihood Ratio (LR) tests

to investigate whether the spatial Durbin model can be simplified to a spatial lag or

spatial error model. If both hypotheses H0 : θ = 0 for the spatial lag model and

H0 : θ + δβ = 0 for the spatial error model under the LR tests are rejected, we

conclude that the spatial Durbin model gives a better description of the data than the

other two models.

4.4 Data

We collected annual data from 2003 to 2010 for 40 advanced, emerging and devel-

oping countries, including 24 countries which suffered from a banking crisis since

2007 (Laeven and Valencia, 2013). More details can be found in Table C.1 in the

Appendix.

4.4.1 Dependent variable

Most previous studies on financial turbulence propagation use a dummy for banking

crises as dependent variable. However, as discussed in Chapter 3, the dichotomous

nature of crisis dummies implies loss of information. For instance, before the crisis

actually occurs there is a build-up of risk that the crisis dummy will not pick up.

Therefore, we use the ratio of non-performing loans to total gross loans (hereafter

NPL) as dependent variable, following Caprio and Klingebiel (1996) and Demirgüç-

Kunt and Detragiache (1998), who consider NPL a good indicator of financial tur-

bulence in the banking system. NPL data is obtained from the World Bank’s World

Development Indicators. As Table 4.1 shows, the average NPL during 2003–2007

was generally lower than that during 2008–2010. In 2008 NPL increased; it grew

rapidly in 2009 and remained high in 2010.

We next discuss the crisis period employed in this chapter. Since the level of

NPL is high during 2008–2010, the crisis period in this chapter is defined as 2008–

2010. Berkmen et al. (2012) argue that the Global Financial Crisis lasts from 2008

to 2009. We also adopt this crisis definition as a robustness test. In the latter case,

4 The software program for the estimations is obtained from the homepage of Paul Elhorst:
http://www.regroningen.nl/elhorst/software.shtml.
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Table 4.1. Non-performing loans (NPL) over total assets

year mean standard deviation median
2003 0.053 0.059 0.031
2004 0.047 0.058 0.027
2005 0.034 0.039 0.019
2006 0.030 0.034 0.019
2007 0.025 0.026 0.017
2008 0.032 0.028 0.028
2009 0.069 0.096 0.036
2010 0.059 0.074 0.037

Notes: This table shows summary statistics for NPL over total assets
in our sample by year.

we exclude the data in 2010 to avoid abnormal post-crisis volatility.

We consider the subprime crisis, which occurred in the United States in 2007,

as the shock which is propagated and the crisis period 2008-2010 as the post-shock

period. Thus, Equation (4.2) in the previous section can estimate the spillover and

interdependence effects which are consistent with the definitions of Forbes and

Rigobon (2002) and Forbes (2012). Specifically, if the increase of NPL in foreign

countries have a significant impact (η) on NPL in the home country during the crisis

period, there is a spillover effect of financial turbulence among these countries. Sim-

ilarly, if the impact (δ) is significant for the entire sample period, interdependence

exists among these countries.

Table 4.2 shows statistics for NPL in countries having a banking crisis and coun-

tries without a banking crisis during the crisis period to show whether financial tur-

bulence differs among different types of countries. For countries with a banking

crisis, the average NPL increases from 0.031 in the pre-crisis period to 0.071 in

the crisis period. In contrast, in countries without a banking crisis the mean NPL

in 2003–2007 is higher than the mean NPL in 2008–2010. Five Asian countries,

namely China, India, Malaysia, Philippines, and Thailand, have a monotonously

decreasing NPL during 2003–2010.
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Table 4.2. NPL in crisis and no-crisis countries

Crisis countries No-crisis countries
2003-2007

mean 0.031 0.047
s.d. 0.046 0.044
median 0.019 0.035

2008-2010
mean 0.071 0.027
s.d. 0.089 0.015
median 0.036 0.024

2003-2010
mean 0.046 0.039
s.d. 0.068 0.037
median 0.026 0.031

Notes: This table shows the NPL in countries with and without banking crises
during the crisis period. Banking crises are obtained from Laeven and Valencia
(2013).

4.4.2 Financial turbulence transmission channels

We construct and employ three weight matrices. First, we create the weight matrix

based on bilateral trade linkages (W T ) using data on imports and exports between

two countries. Element wT
ij in the matrix is constructed as follows:

wT
ij =

1
2

(
tij

ti
+

tji

tj

)
, i, j = 1, ..., N,

where tij is the sum of imports and exports from country i to country j and recorded

by country i, and ti denotes the total imports and exports of country i. In matrix

W T , each row is normalized to sum to 1 and the diagonal element wT
ii is set to zero.

Element wF
ij in the weight matrix based on bilateral foreign claims on other

countries (W F) is constructed as follows:

wF
ij =

1
2

(
fij

fi
+

f ji

f j

)
, i, j = 1, ..., N,



The spread of financial turbulence during the Global Financial Crisis 73

where fij is the total foreign claims of banks in country i on residents in country j,

and fi is the total foreign claims of banks in country i on residents of all countries.

Again, each row in matrix W F is normalized to sum to 1 and the diagonal element

wF
ii is set to zero.

Data for the trade matrix are obtained from the International Monetary Fund

(2010) Directions of Trade Statistics. Data for foreign claims are obtained from

the Bank for International Settlements. The sample used for analyzing the foreign

claims channel only consists of 23 countries due to data availability. To avoid endo-

geneity problems, we use average data from 2003-2007 to construct both matrices.5

The distance weight matrix (W D) is based on the distance between the capitals

of country i and j, which is calculated as follows:

dij = arccos[(sin φi · sin φj) + (cos φi · cos φj · cos(∆τ))] · R, i, j = 1, ..., N,

where φi and φj are the centroid’s latitude of the capitals of countries i and j, re-

spectively, and ∆τ is the difference in longitude between these capitals. R is earth’s

radius which is 6371 km.6 Then, the elements of the distance matrix become

wD
ij =

1
dij

, i, j = 1, ..., N,

which implies that if the capitals of two countries are closely located to each other

the element in the distance matrix is higher. In the matrix, each row is normalized

to sum to 1 and the diagonal element wD
ii is set to zero.

4.4.3 Control variables

We select control variables based on previous research on banking crises such as

Demirgüç-Kunt and Detragiache (1998) and Klomp (2010). These variables include

GDP growth, GDP per capita, the change of the consumer price index (hereafter

5 We also construct the trade and foreign claims weight matrices using average data from 2000 to
2002. For each channel, the correlation between two matrices is lower than 0.3 indicating that there
is a substantial difference between the linkages among countries in different periods, so we choose to
use the matrix based on 2003-2007 figures.

6 More details for this calculation can be found on the website http://www.movable-
type.co.uk/scripts/latlong.html.
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inflation), private credit/GDP, credit growth, M2/reserves, terms of trade, and trade

openness. Table C.2 in the Appendix provides more details on our variables and

their data sources.

Table 4.3 shows summary statistics for the control variables in different peri-

ods. During tranquil periods the mean and median GDP growth (0.042 and 0.038,

respectively) are higher while the standard deviation of GDP growth is lower than

during the crisis period. Similar differences between the two periods can also be

found for other variables. The high maximum value for the M2/reserves ratio re-

flects Luxembourg’ large financial sector.
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4.5 Empirical results

Our sample contains 40 countries (except for our analysis of the foreign claims

channel as pointed out above). The crisis period lasts two (or three) years, and each

control variable enters the spatial Durbin model four times, i.e. as a control variable

and three interaction terms of a control variable with a crisis dummy variable, spatial

weight matrix and both, respectively. Therefore the sample may be not large enough

to include all exogenous variables in one time. Demirgüç-Kunt and Detragiache

(1998) argue that banking crises tend to occur when the economic fundamentals are

weak, particularly when GDP growth is low and inflation is high. Klomp (2010)

highlights that low GDP growth and high credit growth are the most important lead-

ing indicators of banking crises. We therefore include the GDP growth rate, inflation

and domestic credit growth in our base model and subsequently add other control

variables one by one to investigate for the robustness of our results.

4.5.1 Trade channel

First we test whether the spatial fixed effects are significant. The value of the like-

lihood ratio (LR) test is 211.039 (p=0.000), showing that the spatial fixed effects

have to be included. Results of the LR tests for model selection indicate that we

can reject the null hypotheses that the spatial Durbin model can be replaced by the

spatial lag model (LR=35.122, p=0.000) or by the spatial error model (LR=22.525,

p=0.000) at the 1% significant level. Therefore, we adopt the spatial Durbin model

with spatial fixed effects in this section.

Next, we verify financial turbulence propagation based on the trade channel. The

results are shown in Table 4.4. Model 1 presents the results when the crisis period is

defined as the period of 2008-2010, and Model 2 shows the results when 2008-2009

is taken as the crisis period.7 The coefficient of interdependence (δ) is significantly

positive in both models, i.e. 0.587 (t-value=6.151) and 0.574 (t-value=5.743), indi-

cating that financial turbulence spreads across countries through the trade channel

7 In deciding whether the impact of different variables on NPL is significant, we use the significance
of the estimated coefficients which is almost the same in the two models, although the magnitude of
most coefficients differs across both models.
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during all periods.8 This finding is similar to the results of Eichengreen, Rose and

Wyplosz (1996a) and Glick and Rose (1999) for currency crises. In other words, the

build-up of financial turbulence in foreign countries has a significant impact on the

increase of financial turbulence in the home country via the bilateral trade linkage,

which is independent of shocks.

Table 4.4. Estimation results for the trade channel (dependent variable: NPL)

Model 1 Model 2
Coefficient t-stat Coefficient t-stat

δ 0.587 *** 6.151 0.574 *** 5.744
η −0.294 −1.492 −0.024 −0.130
GDP growth rate 0.286 ** 1.909 0.282 ** 2.094
Inflation 0.169 ** 2.393 0.122 ** 1.997
Credit growth rate −10.233 *** −4.378 −5.849 *** −2.931
GDP growth rate*Dt −0.768 *** −4.744 −1.121 *** −6.876
Inflation *Dt 0.729 *** 6.250 1.023 *** 8.953
Credit growth rate *Dt 10.223 *** 4.374 5.839 *** 2.927
WT*GDP growth rate 0.031 0.091 −0.373 −1.253
WT*Inflation 1.361 *** 3.678 0.517 1.346
WT* Credit growth rate 9.474 0.956 1.395 0.162
WT*GDP growth rate*Dt 0.046 0.126 0.478 1.225
WT*Inflation *Dt −1.548 *** −3.658 −1.780 *** −4.471
WT*Credit growth rate *Dt −9.512 −0.959 −1.458 −0.170
R-squared 0.692 0.773
σ2 10.271 6.827
log-likelihood −830.174 −670.136
BIC 1868.661 1541.508

Notes: This table shows the results for the spatial Durbin model for the trade channel. Model 1 shows
the outcomes based on the crisis period 2008–2010, and Model 2 shows the results if the crisis pe-
riod is 2008–2009. The symbols ***, **, and * denote significance at the 1%, 5%, and 10% levels,
respectively. “BIC” indicates Bayesian information criterion.

Several macroeconomic control variables also turn out to be significant. In Model

1, the GDP growth rate has a positive coefficient (0.286) for the whole sample but

a negative coefficient (-0.768) during the crisis period. The absolute value of the

former is much smaller than the latter, and thus the total impact of GDP on NPL

8 For the trade and capital flows channels, we use data for the tranquil period and the crisis period to
construct the weighted matrix; the results are similar. In the main text, we show results based on the
data for the tranquil period to avoid post-crisis volatility.
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is negative during the crisis period. Similar results can be found in Model 2. Dif-

ferent signs of GDP in different periods show that the impact of GDP on domestic

financial turbulence is nonlinear.

In addition, high inflation increases domestic financial turbulence both in all

periods and during the crisis period, which is in line with the findings of previous

research (see, e.g., Demirgüç-Kunt and Detragiache, 1998; Eichengreen, Rose and

Wyplosz, 1996a).

Moreover, in Models 1 and 2, credit growth rate has a negative coefficient

(-10.233 and -5.849, respectively) in the whole period but a positive coefficient

(10.223 and 5.839, respectively) during the crisis period; the absolute value of the

former is almost the same as that of the latter. During the expansion before a crisis,

the volume of NPL may remain at a stable level and higher credit growth rate can

enlarge the volume of loans and reduce the ratio of NPL to total loans. However,

during a crisis period credit risk materializes (Borio and Lowe, 2002), so that NPL

increases.

Finally, foreign inflation has a significantly negative coefficient indicating that

higher inflation in foreign countries with which strong trade ties exist will be asso-

ciated with less financial turbulence in the home country during a crisis period. The

reason may be that during the crisis period high inflation in country B (foreign coun-

try) causes a currency depreciation, which decreases the cost of firms in country A

which has a positive impact on the asset quality in the banking system of country

A. Although high inflation also increases the price of export goods from country A

and decreases the imports of country B from country A, our estimates suggest that

the former effect dominates. So in our sample high inflation in foreign countries has

a positive impact via the trade channel on the home country‘s banking system and

decreases domestic financial turbulence.

4.5.2 Capital flows channel

Again we use the spatial Durbin model with spatial fixed effects to study finan-

cial turbulence propagation based on the results of the LR for the spatial fixed ef-

fects (LR=181.509, p=0.000) and LR for the model selection (LR for the spatial

lag model is 10.383, p=0.001; LR for the spatial error model is 6.197, p=0.013).
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Table 4.5 shows the findings for the spatial Durbin model based on the capital flows

channel.

Table 4.5. Estimation results for the capital flows channel (dependent variable: NPL)

Model 1 Model 2
Coefficient t-stat Coefficient t-stat

δ 0.134 0.838 0.294 ** 2.072
η −0.418 *** −1.776 −0.606 ** −2.267
GDP growth rate −0.154 * −1.852 −0.032 −0.391
Inflation 0.163 *** 5.654 0.184 *** 6.926
Credit growth rate −8.969 *** −3.820 −4.200 * −1.888
GDP growth rate*Dt −0.154 −1.333 −0.599 *** −4.709
Inflation *Dt −0.177 ** −2.051 0.248 ** 2.046
Credit growth rate *Dt 4.760 1.610 4.558 1.554
WF*GDP growth rate −0.095 −0.509 −0.131 −0.720
WF*Inflation −0.024 −0.443 −0.051 −0.921
WF* Credit growth rate 5.099 0.920 −0.918 −0.185
WF*GDP growth rate*Dt 0.013 0.054 0.504 * 1.797
WF*Inflation *Dt 0.683 *** 4.622 0.692 ** 2.327
WF*Credit growth rate *Dt 1.642 0.150 0.226 0.021
R-squared 0.795 0.833
σ2 0.910 0.680
log-likelihood −252.681 −197.990
BIC 684.346 567.887

Notes: This table shows the results for the spatial Durbin models for the capital flows channel. Model
1 shows the outcomes based on the crisis period 2008–2010, and Model 2 shows the results if the
crisis period is 2008–2009. The symbols ***, **, and * denote significance at the 1%, 5%, and 10%
levels, respectively. “BIC” indicates Bayesian information criterion.

Spillover effects (η) in Table 4.5 are significantly negative at the 5% level in

both models, indicating that financial turbulence spills over across countries during

the crisis period via the capital flows channel. Specifically, higher NPLs in foreign

countries with which strong financial ties exist is associated with a lower NPL in

the home country during the crisis period. The reason may be that capital flows

outwards from risky countries to the home country for safety reasons during the cri-

sis period, which may increase domestic liquidity and decrease financial turbulence.

Similarly, Van Rijkeghem and Weder (2001) construct a financial transmission chan-

nel based on common lender effects and find a positive relation between currency
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crises which is similar to interdependence. However, in our model the interdepen-

dence effect is less significant than the spillover effects.

Most control variables have no significant impact except for inflation and credit

growth rate for the whole period. Finally, foreign inflation also has a significant

impact on the home country’s NPL during the crisis period. Specifically, higher

inflation in foreign countries which have close financial ties is associated with higher

domestic financial turbulence.

The reason may be that during the crisis period, high inflation in country B

(foreign country) increases the cost of credit and the probability of default which

has a negative impact on bank lending in country B to residents in country A (home

country) with which strong financial ties exist. As a result, liquidity decreases and

financial turbulence increases in country A.

4.5.3 Distance

As before the results of the LR tests (LR for the spatial fixed effects is 211.039,

p=0.000, LR for the spatial lag model is 11.106, p=0.001; LR for the spatial error

model is 9.576, p=0.002) show that the spatial Durbin model with spatial fixed ef-

fects is preferred to study the distance channel of financial turbulence propagation

(not shown). Table 4.6 shows the outcomes of the spatial Durbin model based on

the distance channel.

The coefficient of interdependence (δ) is significant in both models at the 1%

level, indicating that financial turbulence has an interdependence effect across neigh-

boring countries. The coefficients of the spillover effects (η) in both models are not

significant indicating that financial turbulence has no spillover effects among neigh-

boring countries during the crisis period.

Several macroeconomic control variables also have a significant impact on do-

mestic financial turbulence. Similar to the results via the trade channel, low GDP

growth rate, high inflation and high credit growth increase domestic financial turbu-

lence significantly during the crisis period. Foreign inflation also plays a significant

role in financial turbulence spillovers; higher inflation in a neighboring country is

associated with lower financial turbulence in the home country.

Finally, the capital flows channel models in Table 4.5 have lower values for the
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Table 4.6. Estimation results for the distance channel (dependent variable: NPL)

Model 1 Model 2
Coefficient t-stat Coefficient t-stat

δ 0.550 *** 4.848 0.393 *** 2.752
η −0.334 −1.443 −0.333 −1.163
GDP growth rate 31.458 ** 2.014 19.147 1.398
Inflation 16.359 ** 2.250 9.587 1.576
credit growth rate −9.162 *** −3.767 −5.134 ** −2.555
GDP growth rate*Dt −75.098 *** −4.375 −98.228 *** −5.763
Inflation *Dt 61.696 *** 5.621 89.021 *** 8.798
credit growth rate *Dt 9.156 *** 3.765 5.119 ** 2.547
WD*GDP growth rate −27.909 −0.674 −97.295 ** −2.548
WD*Inflation 88.015 1.600 −60.154 −1.163
WD* credit growth rate 5.913 0.583 2.303 0.283
WD*GDP growth rate*Dt 38.088 0.839 −45.386 −0.835
WD*Inflation *Dt −136.016 ** −2.341 −163.939 *** −3.333
WD*credit growth rate *Dt −5.822 −0.574 −2.380 −0.292
R-squared 0.675 0.774
σ2 10.853 6.799
log-likelihood −837.613 −666.515
BIC 1883.539 1534.266

Notes: This table shows results of the spatial Durbin model for the distance channel. Model 1 shows
the outcomes based on the crisis period 2008–2010, and Model 2 shows the results if the crisis pe-
riod is 2008–2009. The symbols ***, **, and * denote significance at the 1%, 5%, and 10% levels,
respectively. “BIC” indicates Bayesian information criterion.

BIC than the trade and distance models in Table 4.4 and 4.6, respectively, indicat-

ing that the capital flows (bank lending) channel better describes propagation of

financial turbulence than the other two channels. Financial turbulence in a foreign

country reduces the supply of lending in the home country by banks from the foreign

country, leading to lower domestic liquidity and higher credit cost and, thereby, to

financial turbulence (Forbes, 2012). In addition, capital flows outwards from risky

countries to the home country for safety reasons during the crisis period also have a

direct impact on domestic financial turbulence. As a result, the bank lending channel

may better capture propagation of financial turbulence than the other two channels.
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4.5.4 Robustness tests

Here, we add the other five independent variables into our basic models as a robust-

ness test. The results are shown in Tables C.3–C.8 in the Appendix. The conclusions

following from these tables are similar to our previous findings.

Specifically, Tables C.3 and C.4 show the results for the trade channel. In Table

C.3 the crisis period is supposed to be 2008–2010, while in Table C.4 the crisis is

supposed to take place in 2008–2009. In the models, the estimated coefficients of

interdependence (δ) are significant in nine out of ten models, indicating that finan-

cial turbulence has a robust interdependence effect across countries. Moreover, the

estimated coefficients of spillovers (η) are significant in four out of ten models in-

dicating that financial turbulence has a less robust spillover effect across countries.

The impact directions (signs estimated) of δ and η in all models are consistent with

those in Table 4.4.

Tables C.5 and C.6 show the outcomes for the capital flows channel. The esti-

mate of δ is significant in three out of ten models, and the estimate of η is significant

in six out of ten models, indicating that through the capital flows channel financial

turbulence has a robust spillover effect across countries.

Tables C.7 and C.8 show our findings for the distance channel. The estimate of

δ is significant in eight out of ten models, while the estimate of η is significant in

one model, indicating that financial turbulence has robust interdependence effects

but no spillover effects across neighboring countries.

Finally, in all six tables, we find that economic control variables have no in-

terdependence effects on financial turbulence in other countries, and only foreign

inflation has a significant spillover effect on domestic financial turbulence via all

three channels. In addition, the values for the BIC in these tables show that the cap-

ital flows channel always better capture financial turbulence propagation than the

trade and distance channels which is consistent with our previous results.

4.6 Conclusions

This chapter investigates interdependence and spillover effects of financial turbu-

lence across countries during the Global Financial Crisis based on spatial Durbin
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models, considering three transmission channels, namely the trade, foreign claims,

and distance channels. Our sample contains annual data of 40 countries from 2003

to 2010.

Our results suggest that financial turbulence has a significant interdependence

effect across countries through the trade and distance channels while a significant

spillover effect through the capital flows channel is also identified. Our results also

suggest that the capital flows channel better describes financial turbulence propaga-

tion than the other two channels.

Finally, the economic fundamentals considered also have robust spillover effects

across countries but no interdependence effects. Notably foreign inflation has robust

spillover effects on domestic financial turbulence through all three channels.

An interesting issue for future research would be to examine the direct and in-

direct effects of variables considered, like inflation, in a way suggested by LeSage

and Pace (2009).





Chapter 5

Predicting U.S. bank failures: A
comparison of logit and data
mining models

5.1 Introduction

The financial crisis that started in 2007 has led to large-scale bank failures in the

United States. According to the Federal Deposit Insurance Corporation (hererafter

FDIC), 334 banks failed during 2008-2010 compared to a total of 21 bank failures

between 2002 and 2007.1 Banking crises have a serious negative impact on the econ-

omy. For example, the most recent financial crisis has led to a cumulative reduction

of 31% of U.S. output; its fiscal cost amounted to 4.5% of U.S. GDP between 2007–

2010 (Laeven and Valencia, 2013).2 It is therefore crucial to predict bank failures for

preventing banks from failing or minimizing the cost of bank failures to taxpayers

(Thomson, 1991).

Although several approaches have been applied to evaluate bank risk, such as su-

pervisory ratings, financial ratio and peer group analysis, and comprehensive bank

1 The list of bank failures is obtained from the website:
https://www.fdic.gov/bank/individual/failed/banklist.html.

2 Fiscal costs are gross fiscal outlays for the restructuring of the financial sector. They include fiscal
costs for bank recapitalizations but without asset purchases and direct liquidity assistance from the
Treasury.
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risk assessment systems, statistical models, like the logit model, have two advan-

tages compared to these other approaches. First, statistical models try to identify

high-risk banks reasonably well in advance, while the other three approaches fo-

cus on the current condition of a bank. Second, statistical models can adopt various

advanced techniques to determine the leading relationship between financial indica-

tors and bank failures. Therefore, statistical models to predict bank failures can be

useful for bank regulators.

Apart from traditional statistical models, data mining models, such as neural

networks and support vector machines, have been employed for predicting firm fail-

ures (Min and Lee, 2005; Shin, Lee, and Kim, 2005). However, few papers have

employed these models in predicting (recent) bank failures even though bank fail-

ures arguably have more negative consequences than non-financial firm failures.

Studying bank failures in the United States during the Global Financial Crisis may

yield useful insights for bank supervisors.

In addition, most existing research using data mining models arbitrarily splits

the data set into a part over which the parameters are estimated (the ex post sample)

and a part for prediction (the ex ante sample). For example, Shin, Lee, and Kim

(2005) arbitrarily choose 80% of the data as the ex post sample and the remain-

ing 20% as the ex ante example. Min and Lee (2005) and Boyacioglu, Kara, and

Baykan (2009) use a similar approach. However, prediction models typically use

past information to predict bank failures in the future. Thus, ex post and ex ante

samples should be carefully distinguished.

This chapter applies the logit model, neural networks and support vector ma-

chines to predict 293 bank failures in the United States during 2002–2010 based

on 16 financial ratios and their rates of change. These financial ratios cover Capital

adequacy, Asset quality, Management quality, Earnings, Liquidity and Sensitivity to

market risk (also known as CAMELS which is a supervisory rating framework for

evaluating a bank’s comprehensive financial condition). We define the sample from

2002 to 2009 as the ex post sample to estimate the models, and use the data in 2010

for out-of-sample tests. As is common in the literature on early warning models, we

take a one-year prediction horizon. Our results show that support vector machines

predict bank failures ex ante better than neural networks. The logit model identifies
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bank failures less precisely ex post than data mining models, but more precisely

ex ante. Specifically, ex ante the logit model issues fewer missed failures and false

alarms than data mining models. Finally, the logit model predicts bank (non)failures

with a high accuracy, indicating that the logit model can be a helpful tool for bank

supervisors.

The rest of this chapter is organized as follows. Section 5.2 reviews related

studies. Section 5.3 briefly describes the methodologies. After the description of

the sample and variables in Section 5.4, empirical results and sensitivity tests are

shown and discussed in Section 5.5. Section 5.6 concludes.

5.2 Literature review

Research on the prediction of non-financial firm or bank failures dates back to the

late 1960s, and since then it has become an important research topic. Up to now, var-

ious statistical methods and data mining approaches have been applied in predicting

these failures.

Altman (1968) is the first study to employ a discriminant analysis model using

Z-Scores to predict firm failures. Sinkey (1975) employs the same model to pre-

dict bank failures in the U.S. from 1969 to 1972. In a later study, Altman (1977)

introduces quadratic discriminant analysis to predict the failures of the Savings and

Loan Associations industry in the U.S. for the period 1966–1973. Meyer and Pifer

(1970) employ multiple regression analysis to predict bank failures in the U.S. More

recently, Lam and Moy (2002) combine several discriminant models to enhance the

accuracy of their predictions. Their empirical results show that the combined dis-

criminant models outperform single discriminant models.

Martin (1977) employs the logit model to predict bank failures in the U.S. in

the 1930s. The logit model is a non-linear model where the dependent variable is

a dummy variable, which is one for firm failure and zero otherwise. After that,

various articles adopted this model to predict non-financial firm or bank failures in

different countries (cf. Konstandina, 2006; Boyacioglu, et al. 2009). Canbas, Cabuk

and Kilic (2005) construct an integrated early warning system (which combines

several models covering principal component analysis, discriminant analysis, logit
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and probit models) to predict Turkish bank failures during the period 1997–2003.

Poghosyan and Cihak (2009) apply the logit model to investigate the leading

indicators of European bank failures from mid-1990s to 2008. Altman, Cizel, and

Rijken (2014) apply the logit model to predict bank distress in 15 Western European

countries and the U.S. during 2007–2012. They find that prediction based on a given

model displays cross-country variation in the classification of bank distress. Betz et

al. (2014) employ the logit model to predict bank distress in the European banking

sector during 2000–2013. Their results suggest that this model yields useful out-of-

sample predictions.

Other models are also applied to predict bank failures. Molina (2002) employs

a hazard model to investigate the determinants of bank failures in the Venezuelan

banking crisis during 1994–1995. Wong, Wong, and Leung (2010) apply the probit

model to predict banking distress in 11 EMEAP countries during 1990–2007, and

their results show that the prediction of their model is satisfactory. Likewise, Cole

and Wu (2009) find that the simple probit model performs better than a simple

hazard model in predicting U.S. bank failures during the Global Financial Crisis.

Recently, neural network models and support vector machines (both are data

mining models) have become popular to predict bank and firm failures. Data mining

models capture the relationships between dependent and independent variables by

learning from the data, and they impose fewer constraints than traditional statistical

models, i.e. the logit model, on the distribution of the data. In other words, data

mining models are machine learning systems and are applied to predict failures by

modifying their internal parameters.

Min and Lee (2005) apply support vector machines, multiple discriminant anal-

ysis, logit model, and three-layer neural networks to predict firm failures in Korea

during 2000–2002. Their results show that support vector machines outperform the

other methods. Shin, Lee, and Kim (2005) apply support vector machines and neu-

ral networks to predict bank failures in Korea from 1996 to 1999. Their findings

suggest that support vector machines outperform neural networks in predicting cor-

porate bankruptcy. Still, only few papers have applied data mining models to predict

bank failures. Salchenberger, Cinar, and Lash (1992) is an older study. These authors

apply the logit model and neural networks to predict thrift institution failures in the
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US during 1986–1987. They find that neural networks predict failures as well or

better than the logit model. Recently, Boyacioglu, Kara and Baykan (2009) employ

neural networks, support vector machines and multivariate models to predict bank

failures in Turkey between 1997 and 2003, and find that neural networks have the

best prediction performance. López-Iturriaga, López-de-Foronda, and Sanz (2010)

apply a neural network model to predict U.S. bank failures occurred in the first half

of 2010 and find that this model has a prediction accuracy of around 60%. In con-

trast to previous papers, we focus on U.S. bank failures during the recent financial

crisis.

5.3 Methodology

5.3.1 Logit model

The first model we apply to predict bank failures is the logit model. Let yi denote

a dummy variable that takes the value of one when bank i fails and zero otherwise.

Then, the probability that bank i fails is calculated using the cumulative logistic

function:

P(yi = 1|Zi) =
1

1 + e−Zi
, i = 1, ..., N, (5.1)

and

Zi = a + xib + ε i, i = 1, ..., N,

where a is a constant, x denotes a vector of leading indicators, b is a vector of

coefficients for x, and ε i is the error term.

5.3.2 Neural Networks

Neural networks (NNs) are a family of statistical learning algorithms. For a general

description of neural networks, see e.g., Franses and Van Dijk (2000, Chapter 5).

The basic neural network consists of three layers: one input layer, one hidden layer
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(which is invisible from the outside; in other words, it is a black box), and one output

layer. Each layer is composed of one or more nodes. Similar to the definition of the

hidden layer, the nodes in the hidden layer are defined as hidden nodes.

In the input layer, each input node represents an exogenous variable, a financial

ratio in this chapter, and all inputs taken together represent the financial situation of

a bank. Each node in the hidden layer is connected to all inputs and to all output

nodes based on certain weights. The nodes in the output layer are the result of the

model. This layer tells us whether a bank is in a healthy or a distressed situation.

A simple example of a neural network is shown in Figure 5.1. In this chapter,

we choose a three-layer neural network with a single hidden layer following Kuan

and White (1994) as they claim that a single hidden layer is appropriate for most

economic problems. For simplicity, we assume that there are three nodes in the

hidden layer in Figure 5.1.

Figure 5.1. The structure of a simple neural network

Notes: X is a vector of inputs, in this chapter it stands for a vector of financial indicators; Wi (i =
1, 2, 3) is the weight vector from inputs to the hidden node i; gi (i = 1, 2, 3) and f are pre-determined
activation functions and gi(x) = f (x) = (1 + e−x)−1. gi(x) is the activation function linking the
inputs to the hidden nodes, and f (x) is the activation function linking the hidden nodes to the outputs;
ui is the weight from the hidden node i to the output node y; and y is the output variable which stands
for whether a bank fails or not in this chapter.

Figure 5.2 zooms in and shows how the hidden node g1 in Figure 5.1 is con-

nected to the input nodes. For simplicity, we assume that there are only two input
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variables. The values of input nodes (x1, x2) entering a hidden node are multiplied

by pre-determined weights (w11, w21). Then they are added to produce a single num-

ber (W1X) in Figure 5.2. Before leaving the hidden node, this number is passes on

to an activation function (g1) and finally produces the estimate (ĝ1) which will en-

ter the output layer node. Mathematically, the final estimate, ĝ1, leaving the hidden

node is defined as

ĝ1 = g1

(
W1X

′
)
= g1

(
2

∑
j=1

wj1xj

)
, (5.2)

where X = [x1, x2] is the vector of input variables and X
′

is the transpose of X.

W1 = [w11, w21] is the vector of weights for inputs.

Figure 5.2. The structure of the hidden node g1

The structure shown in Figure 5.1, combined with Equation (5.2), implies that

the estimated output of the output layer, ŷ is defined as

ŷ = f (UG
′
) = f

(
3

∑
i=1

uigi

(
WiX

′
))

= f

(
3

∑
i=1

uigi

(
2

∑
j=1

wjixj

))
, (5.3)

where U is defined as [u1, u2, u3] and G
′

is the transpose of G which is defined as

[g1, g2, g3]. Weights, W and U, in this network need to be estimated.

In this chapter, these weights are estimated using back propagation (backward

propagation of errors), a commonly-used gradient learning algorithm (Tkacz, 2001).

Salchenberger, Char and Lash (1992, p. 905) claim that “Back propagation is an ap-
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proach to supervised network learning which permits weights to be learned from

experience, based on empirical observations on the object of interest.” The idea be-

hind back propagation is simple. The estimated output ŷ is evaluated against the

expected output. In this chapter, the estimated output is the estimated probability of

bank failures based on a neural network model, and the expected output is whether

a bank fails or not according to the FDIC. If the error (the difference between the

estimated output and the expected output) is not satisfactory, weights between lay-

ers are modified and estimations are repeated again and again until the error is small

enough. The implementation of back propagation can be found in Eberhart and Dob-

bins (1990, p. 43–49).

5.3.3 Support Vector Machines

This section gives a brief description of support vector machines (SVMs). The goal

of a SVM model in a three dimensional space is to find a plane which separates

the data correctly into two classes, in other words, to find a decision rule which

distinguishes banks that failed from banks that did not fail. Similarly, in a higher

dimensional space, a SVM model is applied to find a hyperplane which separates

the data correctly into two classes. For a general description of SVMs, see Press et

al. (2007, Chapter 16) and Vapnik (2000, Chapter 9).

Let the data set be S = {xi, yi} (i = 1, ..., N) where xi (∈ Rm) is the input data

vector, and yi is the category variable which takes the value of 1 when bank i fails

and −1 otherwise following Press et al. (2007, Chapter 16).

Assuming that there is a hyperplane defined as

h (xi) = α · xi + β = 0, (5.4)

such that all the points with yi = 1 lie on one side of the plane (h (xi) ≥ 0), and

all the points with yi = −1 lie on the other side of the plane (h (xi) ≤ 0). Thus the

hyperplane h(x) in Equation (5.4) is defined as the decision rule to evaluate whether

a bank fails or not.

In fact, more than one hyperplane can separate the data. For example, a given

hyperplane h (xi) can be equally expressed by all hyperplanes, λα · xi + λβ = 0
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(λ ∈ R+). In order to separate the data as good as possible, one can “pick the

hyperplane that has the largest margin, i.e., maximizes the perpendicular distance to

points nearest to the hyperplane on both sides” (Press et al., 2007, p. 884).

In this case, the distance (or margin shown in Figure 5.3) between all data points

and the hyperplane, h(xi), is as large as possible. Without loss of generality, one can

choose a canonical hyperplane which separates the data from the hyperplane by a

margin of at least 1. Then, this hyperplane satisfies:

α · xi + β ≥ +1, if yi = +1,

α · xi + β ≤ −1, if yi = −1.
(5.5)

We employ the same symbol α and β for the new hyperplane following Press

et al. (2007). These two equations are referred to as parallel bounding hyperplanes

shown in Figure 5.3. Based on geometry, the perpendicular distance between the

bounding hyperplanes equals 2× margin = 2(α · α)−1/2 (Press et al., 2007).

Figure 5.3. Support vector machines in the ideal case of a linearly separable sample

Notes: One wants to classify regions containing triangles and circles. The region
defined by −1 ≤ h(xi) ≤ 1 are chosen to maximize the margin. At the bounding
hyperplanes, there are several points which are defined as support vectors.
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Equation (5.5) is equivalent to

yi(α · xi + β) ≥ 1, i = 1, ..., N, (5.6)

and the maximization of 2(α · α)−1/2 is equivalent to the minimization of 1
2 (α · α)

where the factor 1/2 is introduced to simplify some algebra (Press et al., 2007).

Therefore, one can find the largest margin by solving the quadratic programming

Min 1
2 (α · α)

s.t. yi(α · xi + β) ≥ 1, i = 1, 2, ..., N.
(5.7)

The data cannot be fully separated, i.e., in Figure 5.3 there may be some trian-

gles and/or circles falling into the region defined by −1 ≤ h(xi) ≤ 1. To separate

the data with a minimal error, Vapnik (2000) introduces so-called slack variables ξi

for each bank observation xi. If the observation xi is separated correctly by a plane,

then ξi = 0, otherwise ξi > 0. Then, Equation (5.6) is modified as

yi(α · xi + β) ≥ 1− ξi; ξi ≥ 0; i = 1, 2, ..., N. (5.8)

It is clear that ξi measures the degree of misclassification of the data xi, so

a lower value of
N
∑

i=1
ξi will be preferred. Thus, the objective function should be

rewritten as follows

Min
α,β,ξ

1
2
(α · α) + C

N

∑
i=1

ξi , C ≥ 0, (5.9)

where C is a pre-determined constant. The larger the value of C is, the more pre-

cisely the data are separated.

Finally, if the sample is not linearly separable in a low dimensional space, one

can map these points to a higher dimensional space, using a function φ : Rm → RM

(higher dimensional feature space), in which the data is linearly separable. Then,

xi · xj is mapped to φ(xi) · φ(xj)
∆
= K(xi, xj), where K(·, ·) is defined as a kernel

function (Vapnik, 2000). In previous studies, four types of kernel functions have

widely been used, namely the simple dot function, the polynomial function, the
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radial basis function and two layer neural networks.

5.3.4 Prediction framework

This section describes the implementation of predicting bank failures using different

models. A good prediction model should not only accurately predict bank failures,

but should also issue few false alarms. Thus, to evaluate how the three models per-

form for banks that do not fail, we construct a sample including both bank failures

and bank non-failures. Similar to Altman (1968) and Salchenberger, Cinar, and Lash

(1992), we create a match-pair bank sample by the selection rules: (1) near in asset

size [-30%, 30%] to the bank that failed in the quarter of failure, and (2) located

in the same state. The first rule controls for different characteristics of large and

small banks, as observed by Cole and Gunther (1994). The second rule controls for

differences in economic and competitive conditions across different states.

Then, we split the sample into an ex post sample including data from 2002

up to and including 2009 and an ex ante sample consisting of data for 2010. We

employ the ex post sample to estimate parameters in all three models, and evaluate

the prediction performance of three estimated models in-sample (ex post sample)

and out-of-sample (ex ante sample).

Similar to Chapter 2, if the estimated outcome (ŷi, i = 1, 2, ..., N) does not

signal a bank failure when this bank fails according to the FDIC, it is labeled as ‘a

missed failure’. If the estimated outcome signals a bank failure while this bank does

not fail according to the FDIC, it is labeled as ‘a false alarm’ (see Table 5.1).

Table 5.1. Contingency table for assessing prediction outcomes

FDIC
bank failures banks did not fail

Bank failures predicted ‘Correct failures’ ‘False alarms’

Bank failures not predicted ‘Missed failures’ ‘Correct non-failures’
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Logit model

The classification of banks into failed and non-failed banks in the logit model is

based on the estimated probability ŷi. In line with Shin, Lee, and Kim (2005), the

cut-off probability is set at 0.5 and the classifications are determined on the basis of

the following rule:

If ŷi < 0.5, the bank is classified to the group of banks that did not fail.

If ŷi ≥ 0.5, the bank is classified to the group of bank failures.

Data mining models

As motivated in Section 5.3.2, we choose a neural network model with a single hid-

den layer. In this model the number of hidden nodes depends on the number of the

inputs. According to the Kolmogorov theorem, the number of nodes in the hidden

layer is Nnode = 2l + 1, where l is the number of the inputs. So, the architecture of

the neural network model is set and only the weights between layers, namely W and

U in Equation (5.3), need to be estimated. The MATLAB programs of neural net-

works are downloaded from the internet.3 According to these programs, estimation

continues until the error between the estimated output is smaller than 10−4.

For the SVM model, we define bank failures as a non-linear problem following

Min et al. (2006) and apply the Radial Basis Function (RBF) as the kernel function

which is written as K(xi, xj) = exp(−γ
∥∥xi − xj

∥∥2
). There are two pre-determined

parameters: C in Equation (5.9) and γ in the RBF. We set the value of C in the

range [2, 20] with steps of 2 and the value of γ in the range [0.1, 1] with steps of

0.1, which is similar to the approach used by Chen et al. (2009). So there are 10

values both for C and γ, respectively, and there are a total of 100 SVM models with

different combinations of values for C and γ. We choose the mean of the results

of these 100 models as the final prediction. The MATLAB programs for SVMs are

obtained from Chang and Lin (2011).4

3 The web site is http://blog.sina.com.cn/luzhenbo2.
4 The web site is http://www.csie.ntu.edu.tw/ cjlin/libsvm.
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5.4 Sample and variables

The FDIC lists 355 bank failures in the period 2002–2010. After deleting 62 banks

due to data limitations, the final sample used includes 293 banks that failed. We se-

lect six groups of financial variables, Capital adequacy, Asset quality, Management

quality, Earnings, Liquidity and Sensitivity to market risk (CAMELS)—based on

Kolari et al. (2002) and Boyacioglu et al. (2009). These financial ratios are listed

in Table 5.2. Financial data of banks are obtained from the Federal Financial Insti-

tutions Examination Council (FFIEC) Central Data Repository’s Public Data.5 As

Canbas, Cabuk, and Kilic (2005) find that the year before the bank failure is the

most important year for predictions, we employ the average of each financial ratio

spanning four quarters before a bank failure as leading indicators.

Table 5.2. The list of financial ratios

Categories indicators Acronym
Capital adequacy Equity/total assets CA1

Equity/total loans CA2
Asset quality Past due loans (>90)/ total assets AQ1

Nonaccrual loans / total assets AQ2
Provision for loan losses / total assets AQ3
Allowance for loan losses / total assets AQ4

Management Non-interest expenses/total debts M1
Non-interest expenses/ total assets M2
Personal salary/ total debts M3

Earnings Net income/ total assets E1
Net income/ Shareholder’s equity E2
Interest income/ total income E3

Liquidity Cash and securities/ total assets L1
Large time deposits / total assets L2

Sensitivity to market risk Net interest income/ total assets SM1
Total securities/ total assets SM2

Averages do not cover the speed of financial ratios’ deterioration. A higher de-

terioration speed may suggest that a bank has a higher probability of getting into

5 The web site is https://cdr.ffiec.gov/public.
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trouble. To capture the speed of changes for financial ratios in vulnerable banks, we

use the rate of change of each financial ratio one year before a bank fails as another

potential leading indicator.

The rate of change is defined as follows. Let Ai, (i = 1, 2, 3, 4) be the ith quarter

before the quarter in which a bank failed. For example, if a bank fails in 2008Q3,

then 2008Q2 is labeled as A1, 2008Q1 is labeled as A2, 2007Q4 is labeled as A3

and 2007Q3 is labeled as A4. Let XAi be the values of a vector of financial ratios

in the quarter Ai. Then, XA1 is the vector of financial ratios in 2008Q2, XA2 is the

vector of financial ratios in 2008Q1 and so on. The rate of change of the financial

ratio in A1 compared to A2 is ∆XA1 = (XA1 − XA2)/XA2. We use the average of

the three rates of change, that is ∆X = (∆XA1 + ∆XA2 + ∆XA3)/3.

5.5 Empirical results

5.5.1 Data properties

There were 36 bank failures during the period 2002–2008, while the number of bank

failures in 2009 and 2010 is 120 and 137, respectively. We choose bank failures from

2002 to 2009 as the ex post sample (in-sample prediction) and bank failures in 2010

as the ex ante sample (out-of-sample prediction).

After that, we employ the independent sample t-test to compare the difference

of each financial variable between the group of bank failures and the group of banks

that did not fail using the ex post sample. According to the t-test results shown in

Table 5.3, 12 financial variables and 6 rates of change show significant differences.

Therefore, we select these 18 variables to predict bank failures.

In addition, we normalize these selected variables by the standard score method

which helps improving the prediction power of data mining models. Take the vari-

able CA1 (Equity/total assets) in Table 5.2, for example. Let e be a vector of the

raw values of CA1, µ is the mean of e, and σ is the standard deviation of e, then the

standard score vector z for CA1 is calculated as z = (e− µ)/σ.

Then, we calculate correlations between the 18 selected financial variables. Re-

sults (not shown) indicate that significant multi-collinearity does exist among some

of these variables. The results of the Kaiser-Meyer-Olkin (KMO) test and Bartlett’s
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Table 5.3. Statistics and the independent sample t-test

Variables banks that did not fail banks that failed t-test
Mean Std. Mean Std.

CA1 0.64 1.41 −0.38 0.46 8.58 ***
CA2 0.54 1.52 −0.34 0.32 7.11 ***
AQ1 −0.09 0.33 0.21 1.81 −2.06 **
AQ2 −0.40 0.34 0.29 1.31 −6.36 ***
AQ3 −0.65 0.36 0.46 1.12 −11.75 ***
AQ4 −0.57 0.43 0.3 1.05 −9.63 ***
M1 0.11 1.87 0.00 0.44 0.74
M2 −0.05 1.45 0.13 1.10 −1.24
M3 0.22 1.76 −0.07 0.65 1.96 **
E1 0.77 0.45 −0.59 1.11 14.32 ***
E2 −0.01 0.00 0.13 1.83 −0.96
E3 −0.02 0.11 −0.07 0.45 1.55
L1 0.29 1.09 −0.16 0.86 4.02 ***
L2 −0.08 0.88 0.42 1.25 −4.15 ***
SM1 0.33 0.95 −0.17 0.90 4.75 ***
SM2 0.28 1.17 −0.16 0.83 3.83 ***
∆CA1 0.29 0.10 −0.28 0.71 9.84 ***
∆CA2 0.30 0.11 −0.28 0.70 10.16 ***
∆AQ1 −0.01 0.59 0.03 0.95 −0.45
∆AQ2 −0.01 0.66 −0.01 0.35 −0.09
∆AQ3 −0.02 0.69 −0.04 0.15 −0.41
∆AQ4 −0.3 0.41 0.45 1.28 −6.89 ***
∆M1 −0.22 0.74 0.32 1.20 −4.81 ***
∆M2 −0.25 0.70 0.37 1.25 −5.43 ***
∆M3 −0.01 0.77 0.02 0.90 −0.33
∆E1 0.09 1.71 0.01 0.49 0.59
∆E2 0.04 0.89 −0.10 1.24 −1.19
∆E3 0.01 0.09 −0.11 1.10 1.29
∆L1 0.1 1.38 0.06 1.33 0.25
∆L2 −0.14 0.96 0.1 0.93 −2.23 ***
∆SM1 −0.06 0.16 0.14 1.86 −1.33
∆SM2 0.12 1.94 −0.05 0.02 1.05

Notes: See Table 5.2 for definitions of variables. ∆ denotes the rate of change for
the corresponding financial ratio. ** p <0.05, *** p < 0.01.
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test of sphericity (shown in Table 5.4) also suggest that factor analysis should be

applied before employing the logit model (Canbas, Cabuk and Kilic, 2005).

Table 5.4. Results of KMO and Bartlett’s test of sphericity

KMO 0.629
Bartlett’s Test of Sphericity Chi-Square 11540

df 153
Sig. 0.000

Notes: The tests here are used to determine whether factor analysis should
be employed. The null hypothesis of Bartlett’s test is that the correlation
matrix is the same to the identity matrix and there is no need to employing
factor analysis.

We employ Principal Component Analysis (PCA) to deal with multi-collinearity

in estimating the logit model. Eigenvalues and variances of factors are shown in

Table 5.5. Based on the two criteria that (1) the factors should account for at least

70% of the cumulative variance, and (2) the eigenvalue should be greater than 1, we

choose the first 7 factors which can explain 80.42% of the cumulative variance for

18 selected financial variables. Table 5.6 shows the factor loadings for each financial

variable.

Table 5.5. Eigenvalues and variance of factors

Factors Eigenvalue % of Variance Cumulative (%)
F1 2.773 15.407 15.407
F2 2.580 14.331 29.739
F3 2.419 13.437 43.176
F4 2.061 11.450 54.625
F5 2.002 11.122 65.747
F6 1.339 7.439 73.186
F7 1.301 7.230 80.416

According to Table 5.5 and Table 5.6, the first factor represents two groups of

variables with high explanatory power: asset quality (AQ3, AQ4) and earnings (E1)

and it explains 15.41% of the total variance. The second factor represents manage-
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ment (∆M1, ∆M2) and liquidity (∆L2), explaining 14.33% of the total variance.

The third factor represents capital adequacy (CA1, CA2) and management (M3),

and it explains 13.44% of the total variance. The fourth factor represents capital

adequacy (∆CA1, ∆CA2), and it explains 11.45% of the total variance. The fifth

factor represents sensitivity to market risk (SM2) and liquidity (L1), and it explains

11.12% of the total variance. The sixth factor represents sensitivity to market risk

(SM1), and it explains 7.44% of the total variance. The final factor represents as-

set quality (AQ1), and it explains 7.23% of the total variance. In general, the seven

selected factors cover all six groups of variables and both the level and the rates of

change of the financial ratios.

Table 5.6. Factor loading matrix for factor analysis

Var F1 F2 F3 F4 F5 F6 F7
CA1 −0.234 −0.036 0.877 0.143 0.037 0.235 −0.099
CA2 −0.173 −0.047 0.885 0.103 0.279 0.146 −0.091
AQ1 −0.041 0.067 0.011 −0.002 0.002 0.033 0.847
AQ2 0.436 0.015 −0.052 −0.007 −0.038 −0.091 0.644
AQ3 0.901 0.144 −0.089 −0.083 −0.118 −0.087 0.073
AQ4 0.841 0.069 −0.068 −0.051 −0.175 0.067 0.119
M3 −0.009 −0.066 0.866 −0.112 0.001 −0.132 0.134
E1 −0.725 −0.151 0.214 0.225 0.107 0.424 −0.119
L1 −0.134 −0.026 0.113 0.049 0.957 0.028 −0.003
L2 0.330 0.016 −0.081 0.060 −0.126 −0.468 −0.258
SM1 0.165 0.023 0.090 0.132 −0.071 0.878 −0.117
SM2 −0.095 −0.029 0.104 0.062 0.958 −0.009 −0.010
∆CA1 −0.157 −0.044 0.029 0.976 0.057 0.049 −0.001
∆CA2 −0.150 −0.048 0.043 0.976 0.060 0.057 −0.014
∆AQ4 0.466 −0.005 −0.097 −0.143 0.057 0.216 −0.053
∆M1 0.079 0.967 −0.056 −0.033 −0.019 −0.002 −0.021
∆M2 0.119 0.955 −0.057 −0.057 −0.026 −0.026 −0.020
∆L2 0.044 0.815 −0.023 −0.009 −0.018 0.018 0.124
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5.5.2 Prediction results

We apply the 7 factors to estimate the logit model, and employ the original 18 se-

lected financial variables to estimate data mining models as data mining models do

not require low multi-collinearity among independent variables. So in a NN model,

the number of nodes in the hidden layer is 37 according to the Kolmogorov the-

orem as outlined in Section 5.3.4. The prediction results for all three models are

summarized in Table 5.7.

Table 5.7. Assessing the predictive power of the models

Index NN SVM logit
Prediction ex post

Total failures in FDIC 156 156 156
‘Correct failures’# 156 152.19 139
‘Correct non-failures’# 156 146.86 143
‘Missed failures’# 0 3.81 17
‘False alarms’# 0 9.14 13
Frequency of ‘missed failures’ 0.00% 2.44% 10.90%
Frequency of ‘false alarms’ 0.00% 5.86% 8.33%

Prediction ex ante
Total failures in FDIC 137 137 137
‘Correct failures’# 81 126.5 133
‘Correct non-failures’# 65 82.54 118
‘Missed failures’# 56 10.5 4
‘False alarms’# 72 54.46 19
Frequency of ‘missed failures’ 40.88% 7.66% 2.92%
Frequency of ‘false alarms’ 52.55% 39.75% 13.87%

Notes: This table shows the predictive power of the three models, and zooms in on ‘missed
failures’ and ‘false alarms’ in predicting bank failures. Definitions of ‘correct failures’ and
‘correct non-failures’ are given in Table 5.1. The ex post sample covers data from 2002 to
2009, the ex ante sample covers the data in 2010. ‘Frequency of missed failures’ equals
#(missed failures)/#(total failures in FDIC) and ‘Frequency of false alarms’ equals #(false
alarms)/#(total non-failures in the match-pair sample).
# For SVM models these numbers are averages of 100 models (see Section 5.3.4) and
therefore they have decimals.

Based on the ex post sample, the NN model predicts bank failures perfectly
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and issues neither missed failures nor false alarms. The SVM model issues 2.44%

missed failures and 5.86% false alarms. The logit model issues 10.90% missed fail-

ures and 8.33% false alarms. This difference indicates that data mining models pre-

dict bank failures ex post more precisely than the logit model. This finding is in line

with the results of previous studies cited in Section 5.2. In addition, the NN model

predicts bank failures ex post better than the SVM. This is the same result as found

by Boyacioglu, Kara and Baykan (2009).

In the ex ante sample, the NN model predicts 81 correct failures and 65 correct

non-failures and issues 40.88% missed failures and 52.55% false alarms. The SVM

model predicts 126.5 correct failures and 82.54 correct non-failures and it issues

fewer missed failures and false alarms than the NN model. Thus, the SVM model

predicts bank failures ex ante better than the NN model. But the logit model predicts

bank failures ex ante more precisely than the data mining models. Specifically, the

logit model predicts 133 correct failures and 118 correct non-failures, the highest for

all three models. In particular, the logit model predicts bank failures with accuracy

higher than 97% and predicts banks that did not fail with accuracy higher than 86%.

In addition, all three models issue more false alarms than missed failures, indi-

cating that many banks that did not fail are classified as bank failures. The reason is

that banks that did not fail are also in a difficult situation as they too were affected

by the financial crisis. For example, out of 137 non-failed banks in 2010, 9 banks

failed between 2011 and 2014, according to the information of the FDIC.

In Section 5.3.4, we choose 10 different values both for the C and γ parameters.

Table 5.8 shows the ex ante prediction results of 100 SVM models with different

pairs of parameter values (Table 5.7 gives the average of these 100 models). Predic-

tion results are different in SVM models for different parameters. Based on Equation

(5.9), a higher value of C means that a SVM model has to classify the two groups of

bank observations more precisely, thus in the ex ante sample there are fewer missed

failures. In contrast, there are more false alarms.

5.5.3 Sensitivity tests

In a particular state, there may be more than one bank that does not fail and has

similar bank asset size compared to the failed one. Based on the same selection
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Table 5.8. Prediction performance of SVM models (%)

HHH
HHC
γ

0.10 0.20 0.30 0.40 0.50 0.60 0.70 0.80 0.90 1.00

Missed failures
2 8.76 10.22 9.49 10.22 10.22 13.14 14.60 16.06 17.52 16.79
4 6.57 10.95 16.79 18.98 18.25 18.25 18.98 18.25 18.25 18.98
6 4.38 8.76 8.03 8.76 8.03 8.03 8.76 9.49 8.76 9.49
8 7.30 9.49 8.03 6.57 6.57 6.57 6.57 7.30 7.30 7.30
10 8.03 8.76 8.03 7.30 6.57 6.57 6.57 6.57 6.57 6.57
12 7.30 6.57 7.30 6.57 6.57 6.57 6.57 6.57 6.57 6.57
14 6.57 5.11 4.38 4.38 4.38 4.38 4.38 4.38 4.38 4.38
16 5.84 4.38 3.65 3.65 3.65 3.65 3.65 3.65 3.65 3.65
18 5.11 5.11 5.11 5.11 5.11 5.11 5.11 5.11 5.11 5.11
20 4.38 4.38 4.38 4.38 4.38 4.38 4.38 4.38 4.38 4.38

False alarms
2 26.28 28.47 32.12 32.12 30.66 30.66 29.93 29.20 29.93 30.66
4 32.12 30.66 28.47 32.85 32.85 31.39 31.39 31.39 31.39 32.12
6 35.04 35.77 35.77 36.50 35.77 36.50 37.96 37.96 37.96 37.23
8 33.58 37.23 37.23 39.42 40.15 39.42 39.42 39.42 38.69 38.69
10 35.77 39.42 40.15 38.69 38.69 39.42 39.42 39.42 39.42 39.42
12 36.50 41.61 40.88 40.88 40.88 40.88 40.88 40.88 40.88 40.88
14 42.34 43.80 43.80 43.07 43.07 43.07 43.07 43.07 43.07 43.07
16 44.53 44.53 43.07 43.07 43.07 43.07 43.07 43.07 43.07 43.07
18 46.72 47.45 46.72 46.72 46.72 46.72 46.72 46.72 46.72 46.72
20 48.91 48.91 48.18 48.18 48.18 48.18 48.18 48.18 48.18 48.18

Notes: C is the pre-determined parameter in Equation (5.9) and γ is the pre-determined parameter in the
RBF kernel function.
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rules: (1) near in asset size [-30%, 30%] to the bank that failed in the quarter of

failure and (2) located in the same state, we choose another set of 293 banks that did

not fail as the alternative match-pair sample. The results of the independent sample

t-test in Appendix Table D.1 show that 12 financial ratios and 7 rates of change are

significantly different across the failed and non-failed banks. Most of the 19 selected

variables are the same as those in Table 5.3. Table D.2 in the Appendix shows that

factor analysis yields 8 factors for the 19 selected financial variables. These factors

are used in the logit model.

Table 5.9 shows the prediction results of the three models based on the alterna-

tive matched sample. The NN model identifies bank failures and banks that did not

fail ex post better than the SVM and logit models. Specifically, the NN model is-

sues neither missed failures nor false alarms. The SVM model issues 2.84% missed

failures and 10.15% false alarms, and the logit model issues 10.9% missed failures

and 5.13% false alarms, so that data mining models outperform the logit model.

In the ex ante sample, the SVM model issues 11.44% missed failures and 39.15%

false alarms, i.e. fewer than those of the NN model. In addition, Table D.3 in the

Appendix shows that the predictions of SVMs are volatile for different parameter

values. In line with our previous finding, the logit model predicts bank failures and

bank non-failures ex ante more precisely than data mining models by issuing 3.65%

missed failures and 16.79% false alarms. Finally, the logit model predicts bank fail-

ures with accuracy higher than 96% and predicts banks that did not fail with ac-

curacy higher than 83%. These percentages are similar to the results reported in

the previous section. In general, the logit model predicts bank failures ex post less

precisely than data mining models, but more precisely ex ante.

5.5.4 Economic implications

The logit model has two advantages compared to data mining models. First, the logit

model shows more meaningful relationships between financial variables and bank

failures than data mining models, which enables bank supervisors to assess banks’

financial health (Canbas, Cabuk and Kilic, 2005). In a NN model, the parameters

W and U in Equation (5.3) have no clear meaning from an economic perspective.

Likewise, in a SVM model the parameters C in Equation (5.9) and γ in the RBF
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Table 5.9. Sensitivity results of the predictive power of the models

Index NN SVM logit
Prediction ex post

Total failures in FDIC 156 156 156
‘Correct failures’# 156 151.57 139
‘Correct non-failures’# 156 140.17 148
‘Missed failures’# 0 4.43 17
‘False alarms’# 0 15.83 8
Frequency of ‘missed failures’ 0.00% 2.84% 10.90%
Frequency of ‘false alarms’ 0.00% 10.15% 5.13%

Prediction ex ante
Total failures in FDIC 137 137 137
‘Correct failures’# 91 121.33 132
‘Correct non failures’# 57 83.36 114
‘Missed failures’# 46 15.67 5
‘False alarms’# 80 53.64 23
Frequency of ‘missed failures’ 33.58% 11.44% 3.65%
Frequency of ‘false alarms’ 58.39% 39.15% 16.79%

Notes: This table shows the predictive power of the three models, and zooms in on ‘missed
failures’ and ‘false alarms’ in predicting bank failures. Definitions of ‘correct failures’ and
‘correct non-failures’ are given in Table 5.1. The ex post sample covers data from 2002 to
2009, the ex ante sample covers the data in 2010. ‘Frequency of missed failures’ equals
#(missed failures)/#(total failures in FDIC) and ‘Frequency of false alarms’ equals #(false
alarms)/#(total non-failures in the match-pair sample).
# For SVM models these numbers are averages of 100 models (see Section 5.3.4) and
therefore they have decimals.



Predicting U.S. bank failures: A comparison of logit and data mining models 107

also have no clear economic meaning.

For illustrative purposes, Table 5.10 shows the estimated coefficients and statis-

tics for the logit model in Table 5.7. All coefficients are statistically significant at

the 1% level showing that the 7 selected PCA factors add information in predicting

bank failures. The first factor (F1) has a significant positive coefficient indicating

that an increase of F1 leads to a more fragile bank. Moreover, Table 5.6 shows that

the first factor represents asset quality (Provisions for loan losses/total assets and

Allowances for loan losses/total assets) and earnings (Net income/total assets). As-

set quality is positively related to F1 indicating that an increase in provisions and

allowances for loan losses leads to a more fragile bank. The earning variable is neg-

atively related to F1 indicating that an increase of net income/total assets decreases

the probability of bank failure.

Table 5.10. Estimation results for the logit model

Factors coef. std. err. z-statistics p-value
F1 3.7463 0.5879 6.3700 0.0000
F2 1.3461 0.2857 4.7100 0.0000
F3 −4.7414 0.8150 −5.8200 0.0000
F4 −2.6981 0.9019 −2.9900 0.0030
F5 −1.3995 0.2993 −4.6800 0.0000
F6 −1.1301 0.3490 −3.2400 0.0010
F7 1.5657 0.5293 2.9600 0.0030

Notes: The dependent variable is a dummy variable that takes 1 when a bank fails
and 0 otherwise.

Secondly, the logit model has a higher accuracy in predicting bank failures as

has been shown in the previous sections. This advantage can reduce the cost of

rescuing troubled banks. In other words, if the bank supervisors detect financial

problems in a bank earlier, actions can be taken earlier to prevent this bank from

failing and/or to minimize the cost to the government and thus to taxpayers (Thom-

son, 1991). The results in Table 5.7 show that the logit model issues 2.92% missed

failures. This means that this model predicts 97.08% bank failures correctly. Thus,

bank supervisors can detect problems earlier with a reasonable accuracy by using
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this model and take timely actions to prevent a bank from failing.

5.6 Conclusions

Studies on the prediction of bank failures are important as the ability to differentiate

between banks in troubled and sound banks will enhance supervisors’ ability to

take timely actions to prevent banks from failing and/or to reduce the cost of bank

failures. This chapter compares the performance of the logit model and data mining

models in predicting bank failures. We collect 293 bank failures in the United States

during 2002 to 2010 and then create a match-pair sample by the selection rules: (1)

near in asset size [-30%, 30%] to the bank that failed in the quarter of failure and

(2) located in the same state. Based on this sample, we use 16 financial ratios and

their rates of change to predict bank failures. We use the data from 2002 to 2009 as

the ex post sample to estimate the models, and apply the data in 2010 as the ex ante

sample for evaluation.

Empirical results show that between the two data mining models, SVMs pre-

dict bank failures better than NNs. For all three models, the logit model issues

more missed failures and false alarms ex post than the data mining models, but

issues fewer missed failures and false alarms ex ante. This conclusion is robust if

we choose another match-pair sample based on the same selection rules. Moreover,

the logit model predicts bank failures with accuracy higher than 96%, and predicts

banks that do not fail with accuracy higher than 83%.

The logit model allows a better understanding of the relationship between fi-

nancial variables and bank failures which enables bank supervisors to assess banks’

financial health more efficiently. In addition, the logit model has a higher ability to

predict bank failures reducing the expected bailouts cost and/or minimize the cost

to the public. Therefore, the logit model can be used as a decision support tool for

detecting bank problems.

A drawback of principal components analysis as applied here is that sometimes

these components are hard to interpret and their number may be uncertain. Despite

these drawbacks, we feel that their economic interpretation is much easier than that

of the data mining models discussed in this chapter.



Chapter 6

Conclusions

This thesis focuses on the identification, propagation, and prediction of banking

crises and on the relationship between banking and currency crises. In particular,

the thesis addresses the following four research questions:

1. How to identify a (systemic) banking crisis timely using higher-frequency

data than usually analysed in the literature?

2. What is the lead-lag relationship between currency and banking crises? And

does the usage of different proxies affect the conclusion?

3. Is the spread of financial turbulence in the banking system across countries

due to spillover or interdependence effects?

4. What type of model predicts bank failures more correctly, the logit model or

data mining models?

Chapter 2 answers the first research question and constructs a Money Market

Pressure Index to identify banking crises. In our view, the advantages of such an

index are that it is less subjective, available at a higher frequency (several countries

are not included in the most widely used crises databases) and timelier (as it relies

on less information). We modify the Von Hagen-Ho index and apply it to a large

set of countries, excluding countries with a repressed financial system. The main

change is that in our modified index nominal interest rates are used instead of real

interest rates as the former better capture money market stress, notably in developing
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countries. To avoid sample selection bias, our sample includes not only countries

that suffered from one or more banking crises but also includes countries without

banking crises. Our sample consists of 109 countries (21 industrial economies and

88 developing economies). We employ the database of banking crises of Laeven and

Valencia (2010) for comparison purposes. Our findings suggest that our preferred

index outperforms the index of Von Hagen and Ho (2007). The crises identified by

our MMPI are more in line with the crises identified by Laeven and Valencia (2010),

while the index also gives fewer ‘false alarms’. This conclusion is robust when we

use different groups of countries, different periods and different time windows. We

also find that money market pressure indexes, be it the original index of Von Hagen

and Ho (2007) or our modified index, suggest many more banking crises than those

included in the database of Laeven and Valencia (2010). We argue that most of the

‘false alarms’ are crises missed by Laeven-Valencia, crises not severe enough to be

considered as systemic by Laeven-Valencia, or reflect stress in the banking sector.

Finally, we show that the 98.5% threshold used in the Von Hagen and Ho decision

rule corresponds to a policy maker who dislikes ‘false alarms’ relative to ‘missed

crises’.

Chapter 3 addresses the second research question and investigates the dynamic

relationship between currency and banking crises in 94 developing and emerging

countries using quarterly data from 1980 to 2010. Quarterly data enable to clarify

the lead-lag relationship even when the two crises occur in the same year. The nov-

elty of this chapter is that we proxy the two crises in four ways. First, we use two

continuous variables, namely the Exchange Market Pressure Index (EMPI) and the

modified Money Market Pressure Index (MMPI) of Chapter 2, to proxy currency

and banking crises, respectively. Then, we convert the two continuous variables into

multi-categorical variables, distinguishing very deep crises, deep crises, mild crises

and tranquil periods. Third, we convert EMPI and MMPI into dummy variables,

adopting the decision rules of Eichengreen, Rose and Wyplosz (1996a) for currency

crises and of Von Hagen and Ho (2007) for banking crises. Finally, we use the

Laeven-Valencia database as an alternative proxy of banking crises in combination

with the dummy variable based on EMPI for currency crises. For sensitivity tests, we

added time fixed effects variables and split the sample into emerging and developing
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countries. The results show that in most cases currency crises tend to lead banking

crises and vice versa which is robust for using different periods and different sam-

ples of countries. This conclusion differs from those of most previous studies, but

is similar to that of Kaminsky and Reinhart (1999). However, lagged banking crises

do not lead currency crises robustly when we proxy the banking crises by dummies

based on the market pressure index. The reason might be that the dummy based on

MMPI can identify the onset of a banking crisis, but fails to identify for how long

the crisis lasts. For instance, the average length of each banking crisis identified by

the dummy based on MMPI is 1.28 quarters which is far shorter than the 10.85 quar-

ters identified in the Laeven-Valencia database. In addition, currency crises have has

strong state dependence, indicating that countries which experienced a currency cri-

sis in the past are more likely to face another currency crisis, but this does not hold

for banking crises.

For policy implications, policy measures for avoiding a banking (currency) cri-

sis have the additional benefit of decreasing the probability of the other crisis. In

other words, steps to enhance the stability of banking sector may reduce the proba-

bility of a currency crash; measures used for promoting exchange rate stability may

support a stable banking system.

Chapter 4 focuses on the third research question and investigates interdepen-

dence and spillover effects of financial turbulence across countries during the last

decade. Since propagation is characterized by spatial dependence, we apply a spa-

tial panel data model with spatial fixed effects to investigate the propagation of the

two effects across countries. In this chapter, three transmission channels are consid-

ered, namely trade, foreign claims, and distance. Our sample contains annual data

of 40 countries from 2003 to 2010. Our results suggest that financial turbulence

has a significant interdependence effect across countries through the trade and dis-

tance channels, while a significant spillover effect through the capital flows channel

is also identified. Our results also suggest that the capital flows channel issues a

better description than the other two channels of financial turbulence propagation.

Finally, the economic fundamentals considered also have robust spillover effects

across countries but no interdependence effects. Notably foreign inflation has ro-

bust spillover effects on domestic financial turbulence through all three channels.
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Chapter 5 focuses on the final research question and compares the performance

of the logit model and data mining models in predicting bank failures in the United

States during 2002 to 2010. In the empirical investigation, we start with 16 financial

ratios and 16 corresponding rates of change. We collect 293 bank failures in the

United States during 2002 to 2010 and then create a match-pair sample by the se-

lection rules: (1) near in asset size [-30%, 30%] to the bank that failed in the quarter

of failure and (2) located in the same state. We use the data from 2002 to 2009 as

the ex post sample, and the data for 2010 as the ex ante sample.

Empirical results show that between the two data mining models, support vector

machines predict bank failures better than neural networks. For all three models, the

logit model issues more missed failures and false alarms ex post than data mining

models, but issues fewer missed failures and false alarms ex ante. This conclusion

is robust if we choose another match-pair sample based on the same selection rules.

Moreover, the logit model predicts bank failures with accuracy higher than 96%,

and predicts banks that did not fail with accuracy higher than 83%.

Economically, the logit model offers a better understanding of the relationship

between financial variables and bank failures than the data mining models which

enables bank supervisors to supervise banks more efficiently. In addition, the logit

model has a higher ability to predict bank failures reducing the expected bailouts

cost and minimize the cost to the public. Therefore, the logit model can be used as

a decision support tool for detecting bank problems.
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Boyacioglu, M. A., Y. Kara, and Ö. K. Baykan (2009). Predicting bank financial

failures using neural networks, support vector machines and multivariate statisti-

cal methods: A comparative analysis in the sample of savings deposit insurance

fund (SDIF) transferred banks in Turkey. Expert Systems with Applications 36,

3355–3366.

Boyd, J., G. De Nicolo, and E. Loukoianova (2009). Banking crises and crisis

dating: Theory and evidence. IMF Working Paper 09/141.

Burkart, O. and V. Coudert (2002). Leading indicators of currency crises for emerg-

ing countries. Emerging Markets Review 3, 107–133.

Calvo, G. (1997). Varieties of capital-market crises. In G. Calvo and M. King (Eds.),

The Debt Burden and Its Consequences for Monetary Policy. MacMillan Press:

London.

Calvo, S. and C. M. Reinhart (1996). Capital flows to Latin America: Is there evi-

dence of contagion effects? World Bank Policy Research Working Paper 96/1619.



REFERENCES 117

Canbas, S., A. Cabuk, and S. B. Kilic (2005). Prediction of commercial bank fail-

ure via multivariate statistical analysis of financial structures: The Turkish case.

European Journal of Operational Research 166, 528–546.

Caprio, G. and D. Klingebiel (1996). Bank Insolvencies Cross-country Experience.

World Bank Publications.

Cecchetti, S. G. and P. Disyatat (2010). Central bank tools and liquidity shortages.

Federal Reserve Bank of New York: New York.

Cetorelli, N. and L. S. Goldberg (2010). Global banks and international shock trans-

mission: Evidence from the crisis. IMF Economic Review 59, 41–76.

Chang, C.-C. and C.-J. Lin (2011). LIBSVM: A library for support vector machines.

ACM Transactions on Intelligent Systems and Technology (TIST) 2, Article 27.

Chang, R. and A. Velasco (2000). Financial fragility and the exchange rate regime.

Journal of Economic Theory 92, 1–34.

Chaudron, R. and J. de Haan (2014). Identifying and dating systemic banking crises

using incidence and size of bank failures. Journal of Financial Stability 15, 63–

75.

Chen, H., Y.-C. Ma, M.-Z. Chen, Y. Tang, B. Wang, M. Chen, and X.-G. Yang

(2009). Recovery discrimination for nonperforming loan: A support vector ma-

chine method with variable selection. Systems Engineering-Theory & Prac-

tice 29, 23–34.

Choi, I. (2001). Unit root tests for panel data. Journal of International Money and

Finance 20, 249–272.

Cole, R. A. and J. W. Gunther (1994). When are failing banks closed? Financial

Industry Studies, Federal Reserve Bank of Dallas, December, 1–12.

Cole, R. A. and Q. Wu (2009). Is hazard or probit more accurate in predicting

financial distress? Evidence from U.S. bank failures. Munich Personal RePEc

Archive Working Paper 09/29812.



118 REFERENCES

Corsetti, G., P. Pesenti, N. Roubini, and C. Tille (2000). Competitive devaluations:

Toward a welfare-based approach. Journal of International Economics 51, 217–

241.

Cumperayot, P. and R. Kouwenberg (2013). Early warning systems for currency

crises: A multivariate extreme value approach. Journal of International Money

and Finance 36, 151–171.

Davis, E. P. and D. Karim (2008a). Comparing early warning systems for banking

crises. Journal of Financial stability 4, 89–120.

Davis, E. P. and D. Karim (2008b). Could early warning systems have helped to

predict the sub-prime crisis? National Institute Economic Review 206, 35–47.

Davis, E. P. and D. Karim (2010). Macroprudential regulation—the missing policy

pillar. National Institute Economic Review 211, 67–80.

De Haas, R. and I. Lelyveld (2014). Multinational banks and the global financial

crisis: Weathering the perfect storm? Journal of Money, Credit and Banking 46,

333–364.
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Annex

Table A.1. Summary of crises identified by different indicators

Country (1) (2) (3) (4)
L&V (2010) NMMPI VHH (2007) VHH replicated in Chapter 2

Albania No 1997-1998 1997
Algeria No 1998 1998-1999

2005
Angola No 1999-2001 1999

2009
Argentina 1980-1982 1983 1982

1989-1991 1989-1990 1989-1990 1989-1991
1995
2001-2003

Armenia No 1999 1999
2008

Austria No 1977-1981 1977-1981
1988

Azerbaijan No 2001
2009 2006

Bahamas, The No 1978-1980
1983-1987 1984-1985
1990 1990

Bangladesh No 1996
2006-2008

Barbados No 1981-1983 1981-1983
1989-1992 1989-1991

Benin No 2007-2008 2008
Bolivia No 2002-2003 2002-2004
Botswana No 2004 2005
Brazil 1990-1994 1989 1990

1994-1998 1994-1998 1997
2001

Bulgaria 1996-1997 1996 1995-1996
Burkina Faso 1979-1981 1977-1981

1990-1994 1992
2007

Burundi 1991
1994-1998 1995-1996 1995-1996

2001

continued on next page
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continued from previous page
Country (1) (2) (3) (4)

L&V (2010) NMMPI VHH (2007) VHH replicated in Chapter 2
Cameroon 1984

1987-1991 1988-1990 1987-1990
1995-1997 1994-1997

Canada No 1979-1980
1985-1986 1985-1986
1991-1992

Cape Verde No 2000-2003 2000-2003
Central African Republic 1983-1985

1995-1996 1994-1996 1994
1998 1999

Chad 1988-1989
1992-1996 1990-1994 1997

1998
Chile No 1984

2004 2004
Colombia 1998-2000 1999

2005-2007
Congo, Republic of 1992-1994 1994-1995 1995

1998-2000
2007

Costa Rica 1987-1991 1986-1990 1985-1986
1994-1995 1994-1995 1994

1997
2003

Croatia 1998-1999 2001
2008-2009 2009

Cyprus No 1998
2006 2004-2006

Czech Republic 1996-2000 1997-1998
2005 2005-2008

Denmark 1977-1980
1982 1982
1993 1993 1993-1995

2001-2004
2008-2009 2008

Dominican Republic No 2003-2004 2003
2009

Ecuador 1982-1986
1992-1993 1992

1998-2002 1998 1998-1999
Egypt No 2003

2008 2007
El Salvador No 1999 1999
Estonia No 1997 1996

2005-2006
Fiji No 1994-1996 1994-1997

2000
Finland 1986 1989

1991-1995 1991-1992 1991-1996
1997

France No 1979-1982 1978-1979
1992 1992-1993

Gabon No 1994-1998 1992-1995
2002

continued on next page
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continued from previous page
Country (1) (2) (3) (4)

L&V (2010) NMMPI VHH (2007) VHH replicated in Chapter 2
Gambia, The No 1987-1990

1998
2002

2008
Georgia No 2003-2006 2004-2006
Greece No 1991 1984

1997 1997-2000
Guatemala No 2001 2001
Haiti 1994-1998

2000-2003 2000-2003
Honduras No 1986

1994-1995 1991
Hungary 1991-1995 1993

2001
2008-2009 2008 2006-2008

Iceland No 2001-2002 2002-2005
Indonesia 1985 1990-1993

1997-2001 1997-1998 1998
2005

Israel No 1988-1991 1989-1993
1993

Italy No 1992
1995-1997 1998

Jamaica No 2002 2000
2009 2009

Japan 1980
1985

1997-2001 1995-1997 1995
2006 2003-2004

Jordan No 2004-2006 2004-2005
Kazakhstan 1999

2003-2004
2008-2009 2007

Kenya 1985 1982 1978
1992-1994 1993-1994 1993 1992-1994

2002 2002-2003
Korea, Republic of 1984 1984-1987

1989-1992 1989-1992
1997-1998 1997 1997

Kuwait No 1995-1998 1998-2000
2000 2009

Kyrgyz Republic 1995-1999 1998 1999-2000
Latvia 1995-1996

2001 2001
2008-2009 2009 2008

Lithuania 1995-1996 1996
1999 1998-1999

Macedonia, FYR# No 1996
2006 2006-2007

Malawi No 1992 1992
1997

2006-2008 2006-2008
Malaysia 1997-1999 1997-1998 1997

2001
2008

continued on next page
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continued from previous page
Country (1) (2) (3) (4)

L&V (2010) NMMPI VHH (2007) VHH replicated in Chapter 2
Mali 1987-1991 1992

1996-1998
2008 2007

Mauritius No 1983 1981
1993-1994 1993
2001 2001
2008 2008

Mexico 1981-1985
1994-1996 1994-1995 1994

1998-1999
2005-2009

Moldova No 1998
2006 2009

Mongolia 1997-1998 1998
2008-2009 2008 2008

Morocco No 2000
2005 2008-2009

Mozambique No 2001-2005 2001-2005
Myanmar No 1996

2006 2003
Namibia No 2007 2006
Nepal 1988 1989 1985

1990 1988
2005-2008 2003-2006

2008
Netherlands No 1978-1979

1981 1983-1984
1988 1986 1990

1996
Nicaragua 1990-1993 1990 1990

2000-2001
Norway 1982-1986 1986-1987

1991-1993 1992
2004-2006

Oman No 2004 2004
Pakistan No 1981-1985 1981

1991-1992
1996-2000 1997-2000

2003-2006
Panama No 2006 2005
Paraguay 1995 1997 1997

2005-2006
2009

Peru No 1998
2008 2005-2008

Philippines 1989-1990 1990
1997-2001 2001 2000-2001

Poland 1992-1994 1993-1994 1997
2002
2008

Portugal No 1985
1990-1992 1991 1993-1994

Romania No 1999
2008-2009

Russian Federation 1998 1998
2008-2009 2008 2008

Rwanda No 2005 2005
continued on next page
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continued from previous page
Country (1) (2) (3) (4)

L&V (2010) NMMPI VHH (2007) VHH replicated in Chapter 2
Senegal 1981-1983

1987-1988
1988-1991 1992 1994-1998

1993 1995

Sierra Leone 1990-1994 1996 1996
2008-2009 2008-2009

Slovak Republic 1998-2002
2006 2006

Slovenia No 1995-1999 2001-2002
South Africa No 1981-1983

1989
2001 2001-2002

2007
Spain 1977-1981 1978

1983-1987 1983
1993 1990-1993

Sri Lanka 1981-1983 1981-1983
1989-1991 1989-1990 1990

2004
2009

Suriname No 1995-1997 1995
Swaziland 1995-1999 1998

2004-2006 2004-2006
Sweden 1992

2008-2009 2008 2008
Syrian Arab Republic No 1995-1998

2003-2005
2008

Tanzania No 1997-1998 1997-1998
Thailand 1983 1985 1981

1997-2000 1997 1997-2001
Trinidad and Tobago No 1986-1989 1986-1988

1991-1995 1991-1994
Tunisia 1991 1989-1991

1994 1994-1996
2001-2004

Turkey 1994 1996
2000-2001 2000-2001 1999-2001

Uganda 1994
2001-2005 2001-2005

2006
Ukraine 1998-1999

2008-2009 2008-2009 2008
United States 1978-1980

1988
2007-2009 2008 2008

Uruguay 1981-1984
1998 1998

2002-2005 2002
2008 2007-2008

Yemen, Republic of No 2009 2009
Zambia 1990

1995-1998 1993-1995 1995
Notes: This table shows banking crises according to Laeven and Valencia (2010), and signalled crises
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according to several pressure indexes for all countries in our sample. Column (1) shows the crises

listed in Laeven and Valencia (2010) using our sample, where “No” indicates that there is no crisis.

Column (2) shows all crises identified by our preferred index, NMMPI. Column (3) shows the crises

according to the index of Von Hagen and Ho (2007), while column (4) shows the crises if we apply

the method of Von Hagen and Ho (2007) to our data.
# For Macedonia, FYR, our sample starts from 1996, and there is a banking crisis during 1993-1995

according to Laeven-Valencia.
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Table A.2. Signaled crises according to NMMPI that are in line with
crises according to Reinhart and Rogoff (2009) and/or Caprio and
Klingebiel (1996)

Country Signaled crises Crises periods in the literature
Angola 1999-2001 1992-1998
Bahamas, The 1983-1987; 1990 Late 1980s
Canada 1985-1986 1983-1985
Central African Rep 1998 1988-1999
Dominican Rep 2003-2004 2003
Estonia 1997 1998
France 1992 1994-1995
Gabon 1994-1998 1995-?
Gambia, The 1987-1990 1985-1992
Greece 1991 1991-1995
Guatemala 2001 2001
Italy 1992-1995 1990-1995
Kenya 1982 1985-1989
Kenya 2002 1996-2002
Korea, Rep 1984;1989-1992 1983-1988
Latvia 2001 1995-2002
Mexico 1998-1999 1994-2000
Myanmar 1996 1996-?
Nepal 1990 1988
Norway 1982-1986 1988-1993
Paraguay 1997 1995-2002
Peru 1998 1999
Philippines 1989-1990 1981-1987
Romania 1999 1990-2002
Senegal 1993 1988-1991
Sierra Leone 1996 1990-2002
Spain 1983-1987 1977-1985
Tanzania 1997-1998 Late 1980s; 1990s
Thailand 1985 1980-1987
Tunisia 1994 1991-1995
Turkey 1994 1994
Uganda 2001-2005 1994-2002

Notes: This table summarizes the crises identified by NMMPI that are not in line with
the database of Laeven and Valencia (2010), while they are in line with the crises pe-
riods as identified by Reinhart and Rogoff (2009) and Caprio and Klingebiel (1996).
The second column indicates the crises periods identified by NMMPI. The third col-
umn indicates the crises periods given by Reinhart and Rogoff (2009) and/or Caprio
and Klingebiel (1996).
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Table A.3. Signals which coincide with stress

Country Signaled

crises:

Events: Source:

Albania 1997-1998 In 1997, the Rural Commercial

Bank, a state-owned bank, was

closed.

http://www.bankofalbania.org/web/Brief History of

Banking Supervision in Albania 52 2.php

Algeria 1998;

2005

Public banks’ losses averaged

over 4 percent of GDP each

year from 1991 to 2002. Fi-

nancial restructuring of banks

occurred in 1991-94, 1995-98,

and 2001.

http://www.imf.org/external/pubs/ft/scr/2004/cr04138.pdf

Armenia 1999 In 2000, RNPL reached a peak

of 17.5%

http://www.financebycountry.com/Armenia/indicator-

non performing loans/
Bolivia 2002-2003 The average RNPL for 2001-03

is about 17%.

http://www.financebycountry.com/Bolivia/indicator-

non performing loans/
Canada 1991-1992 In 1991-1992, 9 financial com-

panies collapsed.

http://en.wikipedia.org/wiki/Canada Deposit Insurance

Corporation#List of financial collapses since 1967
Chile 2004 Affected by the crisis in Ar-

gentina in 2002.

http://www.eclac.cl/cgi-

bin/getProd.asp?xml=/prensa/noticias/comunicados/9/

10739/P10739.xml&xsl=/prensa/tpl-

i/p6f.xsl&base=/tpl/top-bottom.xslt
Czech

Republic

2005 The average RNPL in 2001-03

is about 8.5%.

http://www.financebycountry.com/Czech-

Republic/indicator-non performing

loans/
Denmark 1993 Crises occurred in 1987-1992 Von Hagen and Ho (2007)
El Salvador 1999 Two bank failures in 1997 and

1998.

http://www.frbatlanta.org/filelegacydocs/erq306 quispe.pdf

Finland 1986 The incompatibility of pruden-

tial regulation with the more

competitive environment of the

late 1980 was a reason for the

fragility of the banks which

was revealed in the Finnish

banking crisis of the early

1990s.

http://www.bancaditalia.it/studiricerche/convegni/atti/

Financial Market Regulation/sessione a/paper TARKKA.pdf

continued on next page
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continued from previous page
Country Signaled

crises:

Events: Source:

Fiji 1994-1996 State-owned banks failed in the

1990s, requiring restructuring

and recapitalization.

http://www.microfinance-

pasifika.org/assets/newsitefiles/reports/ADB Pacific

Financial Sector Review Vol 1.pdf
Georgia 2003-2006 The average RNPL for 2001-02

is about 10.3%.

http://www.financebycountry.com/Georgia/indicator-

non performing loans/
Greece 1997 Up to the second half of the

1990s almost 2/3 of Greek

banks were controlled by the

State and were moreover, badly

run.

http://www.bis.org/review/r060907c.pdf

Honduras 1994-1995 The average RNPL for 1998-

2000 is about 11%.

http://www.financebycountry.com/Honduras/indicator-

non performing loans/
Iceland 2001-2002 In 2001 the banking system

was deregulated in Iceland. The

big and aggressive growth of

Iceland’s banks started to be-

come remarkable, because of

the small economy of Iceland.

http://www.studymode.com/essays/Icelandic-

Bank-System-972315.html

Israel 1988-1991 In 1986, the Shekel’s link to the

U.S. Dollar was broken.

http://intl.econ.cuhk.edu.hk/exchange rate regime

/index.php?cid=24
Jamaica 2002 Between 1996-2002, the bank-

ing system had a negative asset

growth rate and the RNPL was

12.43%.

http://boj.org.jm/uploads/pdf/papers pamphlets/

papers pamphlets An Early Warning Model of Bank

Failure in Jamaica An Information Theoretic

Approach.pdf
Kazakhstan 1999 Between 1998 and 2001 the

number of banks decreased

from 71 to 48 due to bank reg-

ulation.

http://images.mofcom.gov.cn/ozs/table/kaza/banking.pdf

Kuwait 1995-

1998;

2000

Between 1998 and 2000, the

RNPL increase from 10.3% to

19.2%.

http://www.financebycountry.com/Kuwait/indicator-

non performing loans/

Macedonia,

FYR

2006 The average RNPL for 2002-05

is about 20%.

http://www.financebycountry.com/Macedonia/indicator-

non performing loans/
Moldova 1998 Affected by the crisis in Russia

in 1998.

http://en.wikipedia.org/wiki/Economy of Moldova

Mongolia 1997-1998 There was a banking crisis in

1998-1999.

http://www.mongolbank.mn/eng/listfinstability.aspx?did=5

Morocco 2000;

2005

The average RNPL for 2001-03

is about 20%.

http://www.financebycountry.com/Morocco/indicator-

non performing loans/
Mozambique 2001-2005 The average RNPL for 2001-05

is about 17.5%.

http://www.financebycountry.com/Mozambique/indicator-

non performing loans
Oman 2004 The average RNPL for 2003-04

peaked at about 12%.

http://www.financebycountry.com/Oman/indicator-

non performing loans/
Pakistan 1991-

1992;

1996-2000

The banking sector of Pak-

istan went through major re-

forms since 1990; at the end of

the 1990s loan default rates in-

creased.

http://www.ukessays.com/essays/economics/how-

privatization-effects-banking-

sector-of-pakistan-economics-

essay.php#ixzz2enUEcGaB

continued on next page
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continued from previous page
Country Signaled

crises:

Events: Source:

Portugal 1990-1992 Crises occurred in 1986-1989. Demirgüç-Kunt and Detragiache (2005)
Rwanda 2005 The average RNPL for 2001-05

is about 45%.

http://www.financebycountry.com/Rwanda/indicator-

non performing loans/
Slovenia 1995-1999 The only bankruptcy in the

banking system in Slovenia

took place in the year 1996.

http://www.oecd.org/finance/financial-

markets/49497940.pdf

South

Africa

1981-1983 Financial crises occurred due

to default of foreign banks in

1985.

Demirgüç-Kunt and Detragiache (2005)

South

Africa

2001 Three banks failed in 2001-

2002.

http://www.resbank.co.za/Publications/Reports

/Documents/Annual%20Report%202001.pdf
Suriname 1995-1997 In 1994 the inflation rate was

over 400%.

http://www.encyclopedia.com/topic/Suriname.aspx

Syrian Arab

Republic

2003-2005 In 2004-2005, the fast-paced

credit expansion is likely to

have weakened the quality

of banks’ loan portfolios —

given weak risk management

practices—and made banks run

into liquidity problems.

http://www.bi-

me.com/main.php?id=5344&t=1&c=6&cg=2&mset=

United

States

1978-1980 Crises occurred in 1980-1992. Von Hagen and Ho (2007)

Notes: This table indicates important events during the periods identified by NMMPI. The second

column lists the crises periods, the third column lists the important events, and the last column lists

the sources from where we collect the information. “RNPL” denotes the ratio of non-performing loans

to total assets.
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Table B.1. Countries in the sample

Albania Dominica Lithuania Samoa
Algeria Dominican, Rep. of Macedonia, FYR Senegal
Angola Ecuador Madagascar Seychelles
Argentina Egypt Malawi Solomon Islands
Armenia El Salvador Malaysia South Africa
Azerbaijan Fiji Mali Sri Lanka
Bangladesh Gabon Mauritius St. Kitts and Nevis
Belarus Gambia, The Mexico St. Lucia
Belize Georgia Moldova St. Vincent
Benin Ghana Mongolia Swaziland
Bolivia Grenada Morocco Tanzania
Brazil Guatemala Mozambique Thailand
Bulgaria Guinea-Bissau Myanmar Togo
Burkina Faso Haiti Nepal Tonga
Burundi Honduras Niger Tunisia
Cambodia Indonesia Nigeria Turkey
Cameroon Jamaica Pakistan Uganda
Cape Verde Jordan Papua New Guinea Uruguay
Central African, Rep. of Kazakhstan Paraguay Vanuatu
Chad Kenya Peru Venezuela,
Colombia Kyrgyz, Rep. of Philippines Yemen
Congo, Republic of Lao, P.D.R. Romania Zambia
Costa Rica Latvia Russian Federation
Cote d’Ivoire Lesotho Rwanda
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Table B.3. Robustness tests of Granger causality models including
time effects

dependent variable: EMPI MMPI
Coef Z test Coef Z test

Panel 1: outcomes without control variables
EMPI(-1) 0.133*** 11.99 2.591*** 5.54
EMPI(-2) 0.036*** 3.21 −0.521 −1.12
MMPI(-1) 0.000 −0.94 −0.015 −1.36
MMPI(-2) 0.002*** 6.62 −0.008 −0.72
Wald test 22.460*** 15.450***

Panel 2: outcomes with control variables
EMPI(-1) 0.114*** 9.85 2.805*** 5.62
EMPI(-2) 0.012 1.08 −0.775 −1.57
EMPI(-3) −0.975** −1.99
MMPI(-1) 0.000 −0.89 −0.006 −0.5
MMPI(-2) 0.002*** 4.88 −0.013 −0.99
MMPI(-3) 0.000 −0.95
Wald test 8.240*** 12.320***

Notes: Results for time dummy variables and control variables are not shown in
this table. The symbols (-1), (-2) and (-3) denote the first, second and third lag,
respectively. The null hypothesis of the Wald test is that MMPI (EMPI) does not
Granger-cause EMPI (MMPI). The symbols ***, **, and * denote significance at
the 1%, 5%, and 10% levels, respectively.
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Table B.4. Robustness tests of ordered logit models including time
effects

dependent variable: Currency Crises (CC) Banking Crises (BC)
Coef Z test Coef Z test

Panel 1: outcomes without control variables
CC(-1) 0.469*** 8.15 0.482*** 6.76
CC(-2) 0.084 1.27 0.109 1.35
BC(-1) 0.259*** 3.92 0.517*** 7.62
BC(-2) 0.110 1.57 0.083 0.98
LR test 826.000 593.000
P-value 0.000 0.000

Panel 2: outcomes with control variables
CC(-1) 0.453*** 7.66 0.443*** 5.98
CC(-2) 0.026 0.38 0.076 0.91
BC(-1) 0.260*** 3.85 0.518*** 7.50
BC(-2) 0.043 0.59 0.074 0.85
LR test 898.000 612.000
P-value 0.000 0.000

Notes: Results for time dummy variables and control variables are not shown in
this table. CC denotes “Currency Crises” and BC denotes “Banking Crises”. The
symbols (-1) and (-2) denote the first and second lag, respectively. LR test is the
likelihood ratio test which is used to measure the fittness of a model. The symbols
***, **, and * denote significance at the 1%, 5%, and 10% levels, respectively.
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Table B.5. Robustness tests of logit models including time effects
based on MMPI

dependent variable: Currency Crises (CC) Banking Crises (BC)
Coef Z test Coef Z test

Panel 1: outcomes without control variables
CC(-1) 1.004*** 7.28 1.402*** 5.33
CC(-2) 0.142 0.86 0.339 1.08
BC(-1) 0.532** 1.98 0.274 0.58
BC(-2) 0.098 0.31 −0.558 −0.74
LR test 463.000 261.000
P-value 0.000 0.000

Panel 2: outcomes with control variables
CC(-1) 0.969*** 6.81 1.348*** 4.95
CC(-2) 0.045 0.26 0.305 0.94
BC(-1) 0.366 1.28 0.283 0.6
BC(-2) −0.219 −0.63 −0.642 −0.82
LR test 510.000 262.000
P-value 0.000 0.000

Notes: Results for time dummy variables and control variables are not shown in
this table. CC denotes “Currency Crises” and BC denotes “Banking Crises”. The
symbols (-1) and (-2) denote the first and second lag, respectively. LR test is the
likelihood ratio test which is used to measure the fittness of a model. The symbols
***, **, and * denote significance at the 1%, 5%, and 10% levels, respectively.
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Table B.6. Robustness tests of logit models including time effects
based on Laeven-Valencia database

dependent variable: Currency Crises (CC) Banking Crises (BC)
Coef Z test Coef Z test

Panel 1: outcomes without control variables
CC(-1) 0.970*** 7.06 0.973*** 6.34
CC(-2) 0.096 0.59 0.828*** 5.29
BC(-1) 0.870*** 5.72
LR test 490.400 643.190
P-value 0.000 0.000

Panel 2: outcomes with control variables
CC(-1) 0.922*** 6.82 0.915*** 5.78
CC(-2) 0.050 0.31 0.676*** 4.13
BC(-1) 0.806*** 5.2
LR test 289.330 554.450
P-value 0.000 0.000

Notes: Results for time dummy variables and control variables are not shown in
this table. CC denotes “Currency Crises” and BC denotes “Banking Crises”. The
symbols (-1) and (-2) denote the first and second lag, respectively. LR test is the
likelihood ratio test which is used to measure the fittness of a model. The symbols
***, **, and * denote significance at the 1%, 5%, and 10% levels, respectively.
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Table B.7. Robustness tests of Granger causality models for different
country samples

dependent variable: EMPI MMPI
Coef Z test Coef Z test

Sample of developing countries
Panel 1: outcomes without control variables

EMPI(-1) 0.106*** 8.58 0.013*** 4.97
EMPI(-2) 0.041*** 3.34 0.005** 2.10
MMPI(-1) 0.175*** 3.08 −0.153*** −12.70
MMPI(-2) 0.099* 1.82 −0.064*** −5.56
Wald test 5.730*** 15.880***

Panel 2: outcomes with control variables
EMPI(-1) 0.053*** 4.12 0.010*** 3.99
EMPI(-2) −0.006 −0.49 0.004* 1.68
EMPI(-3) 0.004* 1.79
MMPI(-1) 0.231*** 3.48 0.028** 2.21
MMPI(-2) 0.075 1.29 −0.012 −1.12
MMPI(-3) 0.159*** 2.84
Wald test 7.000*** 7.640***

Sample of Emerging market countries
Panel 3: outcomes without control variables

EMPI(-1) 0.255*** 10.31 8.467*** 4.49
EMPI(-2) 0.048** 1.96 −2.080 −1.11
MMPI(-1) −0.001 −1.53 −0.028 −1.12
MMPI(-2) 0.002*** 5.18 −0.005 −0.22
Wald test 14.810*** 10.060***

Panel 4: outcomes with control variables
EMPI(-1) 0.250*** 8.74 5.946*** 2.69
EMPI(-2) 0.017 0.61 −3.597* −1.71
EMPI(-3) −4.624** −2.21
MMPI(-1) −0.001** −2.17 0.011 0.41
MMPI(-2) 0.003*** 6.32 −0.020 −0.61
MMPI(-3) −0.001* −1.76
Wald test 14.150*** 4.680***

Notes: Results for control variables are not shown in this table. The symbols (-1), (-2)
and (3) denote the first, second and third lag, respectively. The null hypothesis of the
Wald test is that MMPI (EMPI) does not Granger-cause EMPI (MMPI). The symbols
***, **, and * denote significance at the 1%, 5%, and 10% levels, respectively.
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Table B.8. Robustness tests of ordered logit models for different
country samples

dependent variable: Currency Crises (CC) Banking Crises (BC)
Coef Z test Coef Z test

Sample of developing countries
Panel 1: outcomes without control variables

CC(-1) 0.445*** 7.14 0.357*** 4.57
CC(-2) 0.136* 1.87 0.110 1.23
BC(-1) 0.245*** 3.34 0.475*** 6.35
BC(-2) 0.099 1.26 0.123 1.34
LR test 191.280 170.950
P-value 0.000 0.000

Panel 2: outcomes with control variables
CC(-1) 0.384*** 5.83 0.297*** 3.56
CC(-2) 0.068 0.89 0.064 0.69
BC(-1) 0.207*** 2.72 0.466*** 6.11
BC(-2) 0.047 0.57 0.120 1.29
LR test 263.900 216.740
P-value 0.000 0.000

Sample of Emerging market countries
Panel 3: outcomes without control variables

CC(-1) 0.635*** 5.79 0.618*** 4.61
CC(-2) 0.105 0.82 0.049 0.31
BC(-1) 0.419*** 3.27 0.718*** 5.36
BC(-2) 0.216 1.55 0.072 0.42
LR test 92.150 112.960
P-value 0.000 0.000

Panel 4: outcomes with control variables
CC(-1) 0.509*** 4.23 0.529*** 3.50
CC(-2) −0.068 −0.47 −0.053 −0.30
BC(-1) 0.484*** 3.66 0.697*** 5.00
BC(-2) 0.140 0.93 0.000 0.00
LR test 132.940 121.390
P-value 0.000 0.000

Notes: Results for control variables are not shown in this table. CC denotes “Cur-
rency Crises” and BC denotes “Banking Crises”. The symbols (-1) and (-2) denote
the first and second lag, respectively. LR test is the likelihood ratio test which is
used to measure the fittness of a model. The symbols ***, **, and * denote sig-
nificance at the 1%, 5%, and 10% levels, respectively.
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Table B.9. Robustness tests of logit models for different country
samples based on MMPI

dependent variable: Currency Crises (CC) Banking Crises (BC)
Coef Z test Coef Z test

Sample of developing countries
Panel 1: outcomes without control variables

CC(-1) 1.026*** 6.90 0.755** 2.43
CC(-2) 0.247 1.35 0.700** 2.19
BC(-1) 0.397 1.20 0.662 1.26
BC(-2) −0.202 −0.47 −0.754 −0.74
LR test 47.200 13.030
P-value 0.000 0.011

Panel 2: outcomes with control variables
CC(-1) 0.914*** 5.87 0.599* 1.82
CC(-2) 0.097 0.51 0.665** 2.06
BC(-1) 0.016 0.04 0.664 1.26
BC(-2) −0.544 −1.15 −0.857 −0.85
LR test 111.330 23.910
P-value 0.000 0.000

Sample of Emerging market countries
Panel 3: outcomes without control variables

CC(-1) 1.251*** 4.82 2.493*** 5.88
CC(-2) 0.281 0.87 −1.089 −1.27
BC(-1) 1.388*** 2.99 0.739 0.88
BC(-2) 1.023** 2.01 0.382 0.34
LR test 50.240 31.430
P-value

Panel 4: outcomes with control variables
CC(-1) 0.753*** 2.54 2.485*** 4.57
CC(-2) −0.309 −0.84 −1.432 −1.40
BC(-1) 1.315*** 2.64 0.481 0.55
BC(-2) 0.833 1.54 −0.560 −0.42
LR test 85.950 50.080
P-value 0.000 0.000

Notes: Results for control variables are not shown in this table. CC denotes “Cur-
rency Crises” and BC denotes “Banking Crises”. The symbols (-1) and (-2) denote
the first and second lag, respectively. LR test is the likelihood ratio test which is
used to measure the fittness of a model. The symbols ***, **, and * denote sig-
nificance at the 1%, 5%, and 10% levels, respectively.
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Table B.10. Robustness tests of logit models for different country
samples based on Laeven-Valencia database

dependent variable: Currency Crises (CC) Banking Crises (BC)
Coef Z test Coef Z test

Sample of developing countries
Panel 1: outcomes without control variables

CC(-1) 1.004*** 6.76 0.868*** 4.86
CC(-2) 0.199 1.09 0.770*** 4.23
BC(-1) 0.704*** 3.83
LR test 59.070 42.530
P-value 0.000 0.000

Panel 2: outcomes with control variables
CC(-1) 0.887*** 5.71 0.703*** 3.65
CC(-2) 0.052 0.27 0.588*** 3.01
BC(-1) 0.541*** 2.84
LR test 117.340 258.320
P-value 0.000 0.000

Sample of Emerging market countries
Panel 3: outcomes without control variables

CC(-1) 1.188*** 4.66 1.477*** 6.37
CC(-2) 0.334 1.12 1.217*** 5.19
BC(-1) 1.234*** 5.12
LR test 63.880 75.550
P-value 0.000 0.000

Panel 4: outcomes with control variables
CC(-1) 0.783*** 2.72 1.478*** 5.07
CC(-2) −0.153 −0.45 0.818*** 2.8
BC(-1) 1.118*** 4.13
LR test 94.340 248.180
P-value 0.000 0.000

Notes: Results for control variables are not shown in this table. CC denotes “Cur-
rency Crises” and BC denotes “Banking Crises”. The symbols (-1) and (-2) de-
note the first and second lag, respectively. LR test is the likelihood ratio test which
is used to measure the fittness of a model. The symbols ***, **, and * denote sig-
nificance at the 1%, 5%, and 10% levels, respectively.
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Table B.11. Summary of results for all models based on EMPI with interest rate

lagged BC->CC lagged CC->CC lagged CC->BC lagged BC->BC

Panel 1: Using continuous variables as dependent variables
Basic results Y Y Y N
Add Time Dummies Y Y Y Y-
Developing countries Y Y Y N
Emerging markets Y Y Y N

Panel 2: Using multi-categorical variables as dependent variables
Basic results Y Y Y Y
Add Time Dummies Y Y Y Y
Developing countries Y Y Y Y
Emerging markets Y Y Y Y

Panel 3: Using dummy variables (MMPI) as dependent variables
Basic results Y Y Y N
Add Time Dummies Y Y Y N
Developing countries Y Y N N
Emerging markets Y Y Y N

Panel 4: Using dummy variables (Laeven-Valencia) as dependent variables
Basic results Y Y Y -
Add Time Dummies Y Y Y -
Developing countries Y Y Y -
Emerging markets Y Y Y -

Notes:
1. The first column shows whether banking crises lead to currency crises, while the second
column shows whether currency crises have a high degree of state dependence. Similarly, the
last two columns show whether currency crises lead to banking crises and whether banking
crises have a high degree of state dependence.
2. The top panel shows the outcomes when using continuous variables, while the second panel
in the table summarizes the results when using multi-categorical variables. The last two pan-
els show the results for dummy variables based on MMPI and the Laeven-Valencia database,
respectively.
3. For each panel, the first row shows the results obtained in Sections 3.6.1–3.6.3. The second
row shows the results including time dummies, while the final two rows distinguish between the
findings for developing countries and emerging markets, respectively.
4. In this table, the symbol “Y” means that the coefficients are significant in models both with and
without control variables, “Y-” means that coefficients are significant in one of the two models,
“N” means coefficients are not significant in both models, and “-” means that this direction is
not investigated in models.
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Table C.1. Countries in the sample
Countries experiencing a banking crisis

Austria Luxembourg
Belgium Mongolia
Denmark Netherlands
France Portugal
Germany Russian
Greece Slovenia
Hungary Spain
Iceland Sweden
Ireland Switzerland
Italy Ukraine
Kazakhstan United Kingdom
Latvia United States

Countries without a banking crisis
Australia Japan
Brazil Korea
Canada Malaysia
China Mexico
Czech Republic New Zealand
Finland Philippines
India Thailand
Indonesia Turkey

Notes: This table shows the list of countries in our sample. Banking crises events are iden-
tified by Laeven and Valencia (2013).
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Table C.2. Variable description and sources

Dependent variables

Variable: Sources:

Non performing loans/ total gross loans World Development Indicators
Control variables

Variable: Sources:
GDP growth rate World Development Indicators
GDP per capita World Development Indicators
Inflation World Development Indicators
Private credit/GDP World Development Indicators
Credit growth rate World Development Indicators
M2/reserves World Development Indicators
Terms of trade World Development Indicators
Trade openness World Development Indicators
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Table C.3. Robustness results for the trade channel (crisis period 2008-2010)

Model 1A Model 1B Model 1C Model 1D Model 1E

δ
0.135 0.582 *** 0.484 *** 0.589 *** 0.598 ***
(0.933) (5.972) (4.399) (6.204) (6.047)

η
−0.198 −0.320 * −0.435 ** −0.327 * −0.108
(−1.032) (−1.745) (−2.209) (−1.781) (−0.556)

GDP growth −5.035 24.893 13.718 30.468 ** 28.603 **
(−0.342) (1.626) (0.948) (2.030) (2.163)

Inflation 2.645 14.219 ** 6.318 14.539 ** 10.101 *
(0.398) (2.005) (0.917) (2.064) (1.670)

Credit growth −8.170 *** −10.319 *** −8.329 *** −10.397 *** −6.318 ***
(−3.812) (−4.424) (−3.707) (−4.395) (−3.163)

GDP growth *Dt
4.598 −52.784 *** −39.944 ** −56.719 *** −89.197 ***
(0.262) (−3.204) (−2.517) (−3.437) (−5.382)

Inflation *Dt
102.722 *** 63.473 *** 76.635 *** 62.215 *** 97.077 ***
(8.451) (5.310) (6.070) (5.146) (7.928)

Credit growth *Dt
8.153 *** 10.305 *** 8.325 *** 10.385 *** 6.310 ***
(3.804) (4.419) (3.706) (4.390) (3.159)

WT*GDP growth 20.585 44.260 −12.874 22.075 −21.775
(0.498) (1.010) (−0.345) (0.598) (−0.704)

WT*Inflation 10.694 91.282 *** 11.404 91.239 *** 9.487
(0.337) (2.826) (0.327) (2.867) (0.291)

WT* credit growth 12.829 * 2.418 0.292 −0.660 −1.860
(1.758) (0.309) (0.040) (−0.082) (−0.290)

WT*GDP growth *Dt
−84.550 ** −61.376 −10.218 −47.400 −8.541
(−1.893) (−1.371) (−0.242) (−1.192) (−0.208)

WT*Inflation *Dt
27.265 −77.834 ** 22.563 −83.933 ** −106.208 ***
(0.678) (−2.230) (0.526) (−2.315) (−3.107)

WT*credit growth *Dt
−12.890 * −2.457 −0.312 0.628 1.842
(−1.765) (−0.314) (−0.043) (0.078) (0.287)

GDP per capita −13.022 ***
(−2.860)

GDP per capita *Dt
6.575 ***
(5.904)

WT*GDP per capita −1.338
(−0.221)

WT*GDP per capita*Dt
0.370
(0.118)

Credit/ GDP 7.264 ***
(2.582)

Credit/ GDP *Dt
−0.758
(−0.970)

WT* credit/ GDP −13.571
(−1.602)

WT* credit/ GDP*Dt
2.934
(0.996)

M2/reserves −4.095 ***
(−3.741)

M2/reserves *Dt
3.009 ***
(3.851)

WT*M2/reserves 4.379
(1.580)

WT*M2/reserves*Dt
9.397 ***
(3.436)

Terms of trade 0.004
(1.038)

Terms of trade *Dt
0.000

(−0.093)

WT*terms of trade 0.002
(0.125)

WT*terms of trade*Dt
0.004
(0.437)

continued on next page
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continued from previous page
Model 1A Model 1B Model 1C Model 1D Model 1E

Trade openness 1.684
(0.413)

Trade openness *Dt
2.551
(0.414)

WT*trade openness −10.294
(−0.743)

WT*trade openness*Dt
42.226
(1.621)

R-squared 0.750 0.702 0.726 0.696 0.697
σ2 8.353 9.953 9.134 10.123 10.094
Obs 320 320 320 320 320
log-likelihood −793.852 −825.467 −810.203 −828.288 −827.474
BIC 1803.878 1867.108 1836.580 1872.750 1871.122

Notes: This table shows the results for the trade channel based on the crisis period of 2008–2010.

T-values are reported in parentheses. The dependent variable is NPL.

The symbols ***, **, and * denote significance at the 1%, 5%, and 10% levels, respectively. “BIC”

indicates Bayesian information criterion.
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Table C.4. Robustness results for the trade channel (crisis period 2008-2009)

Model 2A Model 2B Model 2C Model 2D Model 2E

δ
0.321 ** 0.594 *** 0.619 *** 0.609 *** 0.567 ***
(2.355) (5.978) (6.524) (6.320) (5.728)

η
0.123 −0.068 −0.154 −0.105 −0.322 *
(0.643) (−0.360) (−0.801) (−0.550) (−1.737)

GDP growth 7.100 24.296 * 19.960 29.339 ** 31.551 **
(0.574) (1.816) (1.555) (2.225) (2.108)

Inflation 2.083 9.122 5.983 9.509 14.838 **
(0.373) (1.501) (1.016) (1.581) (2.113)

Credit growth −3.362 * −6.414 *** −4.631 ** −6.890 *** −10.239 ***
(−1.849) (−3.270) (−2.371) (−3.439) (−4.353)

GDP growth *Dt
−16.973 −87.794 *** −75.783 *** −92.945 *** −56.168 ***
(−0.961) (−5.326) (−4.653) (−5.551) (−3.418)

Inflation *Dt
148.104 *** 103.013 *** 115.323 *** 94.885 *** 63.026 ***
(11.665) (8.387) (8.962) (7.756) (5.239)

Credit growth *Dt
3.348 * 6.401 *** 4.627 ** 6.877 *** 10.229 ***
(1.842) (3.264) (2.370) (3.434) (4.350)

WT*GDP growth 1.305 −9.221 −38.424 −32.190 30.095
(0.038) (−0.248) (−1.175) (−1.012) (0.841)

WT*Inflation 7.745 3.596 −8.587 −2.246 89.484 ***
(0.264) (0.107) (−0.269) (−0.068) (2.851)

WT* credit growth 10.887 * −1.654 −2.670 −7.250 0.475
(1.660) (−0.250) (−0.401) (−1.033) (0.063)

WT*GDP growth *Dt
−9.607 −20.229 36.000 −10.948 −56.356
(−0.224) (−0.456) (0.809) (−0.259) (−1.434)

WT*Inflation *Dt
−67.074 * −118.195 *** −86.389 ** −115.245 *** −76.689 **
(−1.716) (−3.534) (−2.088) (−3.333) (−2.162)

WT*credit growth *Dt
−10.921 * 1.606 2.655 7.204 −0.490
(−1.665) (0.243) (0.399) (1.027) (−0.065)

GDP per capita −16.442 ***
(−3.784)

GDP per capita *Dt
6.852 ***
(6.561)

WT*GDP per capita 4.557
(0.806)

WT*GDP per capita*Dt
−1.244
(−0.391)

Credit/ GDP 7.649 ***
(2.878)

Credit/ GDP *Dt
−0.521
(−0.722)

WT* credit/ GDP −12.655 *
(−1.693)

WT* credit/ GDP*Dt
1.301
(0.478)

M2/reserves −3.416 ***
(−3.349)

M2/reserves *Dt
2.828
(3.824)

WT*M2/reserves 5.354 **
(1.976)

WT*M2/reserves*Dt
3.765
(1.234)

Terms of trade 0.005
(1.448)

Terms of trade *Dt
−0.001
(−0.343)

WT*terms of trade 0.015
(1.096)

WT*terms of trade*Dt
−0.008
(−0.804)

continued on next page
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continued from previous page
Model 2A Model 2B Model 2C Model 2D Model 2E

Trade openness 1.192
(0.256)

Trade openness *Dt
1.332
(0.206)

WT*trade openness −26.863 *
(−1.683)

WT*trade openness*Dt
44.921 *
(1.739)

R-squared 0.822 0.784 0.796 0.781 0.779
σ2 5.359 6.498 6.144 6.607 6.650
Obs 280 280 280 280 280
log-likelihood −633.955 −663.955 −656.222 −666.417 −667.101
BIC 1476.740 1536.740 1521.274 1541.664 1543.032

Notes: This table shows the results for the trade channel based on the crisis period of 2008–2009.

T-values are reported in parentheses. The dependent variable is NPL.

The symbols ***, **, and * denote significance at the 1%, 5%, and 10% levels, respectively. “BIC”

indicates Bayesian information criterion.
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Table C.5. Robustness results for the capital flows channel (crisis period 2008-2010)

Model 1A Model 1B Model 1C Model 1D Model 1E

δ
−0.103 0.131 0.184 0.020 0.124
(−0.574) (0.814) (1.213) (0.116) (0.771)

η
−0.178 −0.385 * −0.112 −0.238 −0.421 *
(−0.739) (−1.664) (−0.631) (−1.050) (−1.783)

GDP growth −13.381 −10.129 −12.028 −9.926 −14.592 *
(−1.549) (−1.203) (−1.584) (−1.241) (−1.745)

Inflation 15.597 *** 17.594 *** 13.194 *** 11.281 *** 16.648 ***
(4.588) (6.096) (5.256) (3.878) (5.748)

Credit growth −8.753 *** −10.272 *** −3.710 * −4.930 ** −9.187 ***
(−3.665) (−4.298) (−1.761) (−1.986) (−3.856)

GDP growth *Dt
−20.924 * −19.423 * −10.140 −20.885 * −17.427
(−1.686) (−1.698) (−0.962) (−1.897) (−1.460)

Inflation *Dt
−10.130 −16.830 * −1.170 −3.249 −16.961 *
(−0.983) (−1.907) (−0.141) (−0.359) (−1.900)

Credit growth *Dt
3.674 5.285 * 0.580 −0.189 5.156 *
(1.186) (1.810) (0.226) (−0.062) (1.723)

WF*GDP growth 8.635 −15.336 2.956 −6.456 −9.841
(0.432) (−0.760) (0.173) (−0.367) (−0.525)

WF*Inflation −6.785 −1.843 3.683 −0.301 −1.702
(−0.795) (−0.339) (0.669) (−0.051) (−0.309)

WF* credit growth 11.335 * 6.166 −0.409 9.760 5.422
(1.741) (0.931) (−0.074) (1.415) (0.973)

WF*GDP growth *Dt
−10.698 3.408 −22.074 4.179 1.018
(−0.451) (0.136) (−1.019) (0.185) (0.043)

WF*Inflation *Dt
79.594 *** 55.084 *** 32.035 ** 69.712 *** 70.701 ***
(4.108) (2.897) (2.237) (4.622) (4.486)

WF*credit growth *Dt
−5.241 5.885 18.941 ** 1.572 1.579
(−0.452) (0.506) (1.999) (0.143) (0.145)

GDP per capita 1.670
(0.592)

GDP per capita *Dt
0.374
(0.440)

WF*GDP per capita −8.930 **
(−2.223)

WF*GDP per capita*Dt
−2.578
(−0.774)

Credit/ GDP −4.353 **
(−2.520)

Credit/ GDP *Dt
0.595
(1.329)

WF* credit/ GDP 6.435
(1.208)

WF* credit/ GDP*Dt
0.446
(0.190)

M2/reserves 2.608 ***
(4.478)

M2/reserves *Dt
0.796 **
(2.480)

WF*M2/reserves −2.923 **
(−1.982)

WF*M2/reserves*Dt
−0.574
(−0.478)

Terms of trade 0.000
(−0.228)

Terms of trade *Dt
0.003
(1.534)

WF*terms of trade −0.023 **
(−2.525)

WF*terms of trade*Dt
−0.019 *
(−1.659)

continued on next page
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Model 1A Model 1B Model 1C Model 1D Model 1E

Trade openness 2.047
(0.992)

Trade openness *Dt
−1.932
(−0.688)

WF*trade openness 2.051
(0.260)

WF*trade openness*Dt
1.890
(0.132)

R-squared 0.802 0.803 0.853 0.819 0.797
σ2 0.879 0.874 0.655 0.805 0.904
Obs 184 184 184 184 184
log-likelihood −249.522 −248.942 −222.346 −241.269 −252.125
BIC 684.782 683.622 630.430 668.276 689.988

Notes: This table shows the results for the capital flows channel based on the crisis period of 2008–

2010. T-values are reported in parentheses. The dependent variable is NPL.

The symbols ***, **, and * denote significance at the 1%, 5%, and 10% levels, respectively. “BIC”

indicates Bayesian information criterion.
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Table C.6. Robustness results for the capital flows channel (crisis period 2008-2009)

Model 2A Model 2B Model 2C Model 2D Model 2E

δ
−0.046 0.398 *** 0.391 *** 0.220 0.276 *
(−0.260) (3.122) (3.189) (1.526) (1.920)

η
−0.393 −0.496 ** −0.544 *** −0.460 * −0.594 **
(−1.498) (−2.020) (−2.573) (−1.895) (−2.234)

GDP growth 4.435 7.468 3.575 9.668 −2.638
(0.537) (0.909) (0.503) (1.307) (−0.325)

Inflation 21.426 *** 19.562 *** 15.833 *** 13.729 *** 19.197 ***
(6.810) (7.574) (7.136) (5.576) (7.167)

Credit growth −5.040 ** −5.487 ** −1.921 0.714 −4.481 **
(−2.300) (−2.532) (−1.013) (0.331) (−2.000)

GDP growth *Dt
−76.289 *** −71.644 *** −49.552 *** −74.368 *** −63.233 ***
(−5.650) (−5.800) (−4.421) (−6.566) (−4.943)

Inflation *Dt
31.498 ** 36.121 *** 41.719 *** 62.603 *** 26.442 **
(2.328) (2.932) (3.587) (5.006) (2.182)

Credit growth *Dt
4.127 5.459 * −0.199 −2.923 5.346 *
(1.418) (1.908) (−0.080) (−1.028) (1.804)

WF*GDP growth −3.137 −27.447 −22.456 −23.573 −11.036
(−0.178) (−1.452) (−1.483) (−1.492) (−0.612)

WF*Inflation −8.473 −9.119 * −4.040 −4.704 −3.503
(−1.112) (−1.738) (−0.838) (−0.879) (−0.618)

WF* credit growth 5.921 −0.937 −7.016 −0.542 −0.152
(1.050) (−0.163) (−1.412) (−0.094) (−0.031)

WF*GDP growth *Dt
17.942 68.666 ** 15.607 51.667 * 52.943 *
(0.516) (2.353) (0.384) (1.849) (1.876)

WF*Inflation *Dt
30.916 30.409 −5.431 23.749 86.213 ***
(0.584) (0.929) (−0.108) (0.793) (2.741)

WF*credit growth *Dt
−1.031 −6.764 28.146 ** 10.509 −1.572
(−0.091) (−0.616) (2.215) (1.025) (−0.149)

GDP per capita 7.968 ***
(2.666)

GDP per capita *Dt
0.801
(0.949)

WF*GDP per capita −14.950 ***
(−3.863)

WF*GDP per capita*Dt
−3.793
(−0.766)

Credit/ GDP −5.528 ***
(−3.269)

Credit/ GDP *Dt
0.732
(1.639)

WF* credit/ GDP 9.283 **
(1.979)

WF* credit/ GDP*Dt
−7.099 ***
(−3.122)

M2/reserves 3.151 ***
(5.550)

M2/reserves *Dt
1.197 ***
(3.573)

WF*M2/reserves −1.260
(−0.897)

WF*M2/reserves*Dt
1.083
(0.552)

Terms of trade 0.001
(0.541)

Terms of trade *Dt
0.001
(0.555)

WF*terms of trade −0.017 **
(−2.266)

WF*terms of trade*Dt
−0.046 ***
(−4.465)
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Model 2A Model 2B Model 2C Model 2D Model 2E

Trade openness 2.156
(1.132)

Trade openness *Dt
−3.318
(−1.180)

WF*trade openness 2.671
(0.388)

WF*trade openness*Dt
10.904
(0.671)

R-squared 0.845 0.852 0.888 0.873 0.837
σ2 0.631 0.605 0.458 0.517 0.667
Obs 161 161 161 161 161
log-likelihood −191.724 −188.927 −166.492 −175.629 −196.435
BIC 561.842 556.248 511.378 529.652 571.264

Notes: This table shows the results for the capital flows channel based on the crisis period of 2008–

2009. T-values are reported in parentheses. The dependent variable is NPL.

The symbols ***, **, and * denote significance at the 1%, 5%, and 10% levels, respectively. “BIC”

indicates Bayesian information criterion.
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Table C.7. Robustness results for the distance channel (crisis period 2008-2010)

Model 1A Model 1B Model 1C Model 1D Model 1E

δ
−0.139 0.529 *** 0.340 ** 0.468 *** 0.507 ***
(−0.652) (4.484) (2.299) (3.633) (4.251)

η
−0.159 −0.327 −0.484 * −0.354 −0.328
(−0.603) (−1.391) (−1.789) (−1.467) (−1.385)

GDP growth −6.497 21.710 11.991 28.823 * 30.670 **
(−0.440) (1.367) (0.792) (1.833) (1.939)

Inflation 1.911 17.455 ** 6.416 15.043 ** 15.669 **
(0.286) (2.359) (0.898) (2.074) (2.158)

Credit growth −7.658 *** −9.358 *** −7.168 *** −9.153 *** −9.077 ***
(−3.517) (−3.895) (−3.064) (−3.749) (−3.718)

GDP growth *Dt
−9.170 −67.117 *** −51.059 *** −71.934 *** −73.274 ***
(−0.524) (−3.897) (−3.045) (−4.132) (−4.206)

Inflation *Dt
110.576 *** 63.606 *** 85.441 *** 62.983 *** 62.609 ***
(9.726) (5.867) (7.339) (5.710) (5.704)

Credit growth *Dt
7.648 *** 9.351 *** 7.167 *** 9.146 *** 9.072 ***
(3.512) (3.892) (3.064) (3.746) (3.717)

WD*GDP growth 5.865 36.171 −62.198 −51.096 −38.281
(0.113) (0.641) (−1.426) (−1.183) (−0.918)

WD*Inflation −68.297 109.203 * −40.576 53.182 66.811
(−1.227) (1.667) (−0.685) (0.891) (1.190)

WD* credit growth 32.451 *** 19.830 * 13.610 13.812 9.701
(2.861) (1.664) (1.061) (1.145) (0.937)

WD*GDP growth *Dt
−49.295 −11.704 66.621 48.515 45.530
(−0.898) (−0.214) (1.325) (1.063) (0.998)

WD*Inflation *Dt
76.364 −130.259 ** 21.982 −78.951 −110.919 *
(1.174) (−1.997) (0.328) (−1.189) (−1.852)

WD*credit growth *Dt
−32.398 *** −19.730 * −13.536 −13.746 −9.602
(−2.856) (−1.655) (−1.055) (−1.139) (−0.927)

GDP per capita −13.738 ***
(−3.548)

GDP per capita *Dt
7.244 ***
(6.445)

WD*GDP per capita −10.771
(−1.430)

WD*GDP per capita*Dt
−2.514
(−0.628)

Credit/ GDP 8.668 ***
(3.024)

Credit/ GDP *Dt
−1.107
(−1.377)

WD* credit/ GDP −26.450 **
(−2.421)

WD* credit/ GDP*Dt
2.050
(0.552)

M2/reserves −4.119 ***
(−3.710)

M2/reserves *Dt
3.299 ***
(4.114)

WD*M2/reserves −0.907
(−0.190)

WD*M2/reserves*Dt
15.607 ***
(3.544)

Terms of trade 0.003
(0.825)

Terms of trade *Dt
0.001
(0.343)

WD*terms of trade −0.021
(−1.297)

WD*terms of trade*Dt
0.026 **
(2.051)
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Model 1A Model 1B Model 1C Model 1D Model 1E

Trade openness −1.894
(−0.388)

Trade openness *Dt
2.536
(0.368)

WD*trade openness −59.825 *
(−1.776)

WD*trade openness*Dt
64.506
(1.338)

R-squared 0.744 0.687 0.708 0.679 0.677
σ2 8.554 10.426 9.726 10.706 10.772
Obs 320 320 320 320 320
log-likelihood −797.778 −830.991 −818.701 −834.712 −836.019
BIC 1811.730 1878.156 1853.576 1885.598 1888.212

Notes: This table shows the results for the distance channel based on the crisis period of 2008–2010.

T-values are reported in parentheses. The dependent variable is NPL.

The symbols ***, **, and * denote significance at the 1%, 5%, and 10% levels, respectively. “BIC”

indicates Bayesian information criterion.
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Table C.8. Robustness results for the distance channel (crisis period 2008-2009)

Model 2A Model 2B Model 2C Model 2D Model 2E

δ
0.065 0.398 *** 0.420 *** 0.367 ** 0.403 ***
(0.326) (2.801) (3.041) (2.467) (2.842)

η
0.073 −0.356 −0.338 −0.356 −0.382
(0.267) (−1.212) (−1.189) (−1.214) (−1.316)

GDP growth 4.945 12.825 16.986 20.251 22.291
(0.398) (0.941) (1.278) (1.476) (1.612)

Inflation 1.074 9.414 5.744 8.743 9.960
(0.194) (1.524) (0.954) (1.437) (1.645)

Credit growth −3.084 * −4.981 ** −3.483 * −5.856 *** −4.794 **
(−1.702) (−2.527) (−1.736) (−2.877) (−2.373)

GDP growth *Dt
−34.371 ** −91.107 *** −86.991 *** −100.891 *** −97.972 ***
(−1.980) (−5.371) (−5.165) (−5.834) (−5.741)

Inflation *Dt
144.923 *** 94.424 *** 109.368 *** 87.096 *** 90.857 ***
(13.017) (9.442) (9.838) (8.507) (8.983)

Credit growth *Dt
3.072 * 4.966 ** 3.476 * 5.840 *** 4.787 **
(1.695) (2.519) (1.733) (2.870) (2.370)

WD*GDP growth −19.212 −79.141 −96.324 ** −109.353 *** −99.737 ***
(−0.451) (−1.566) (−2.402) (−2.752) (−2.621)

WD*Inflation −84.038 * −51.247 −74.658 −88.439 −43.789
(−1.791) (−0.837) (−1.424) (−1.545) (−0.836)

WD* credit growth 19.946 ** 7.008 2.393 −7.827 4.256
(2.056) (0.705) (0.211) (−0.709) (0.514)

WD*GDP growth *Dt
−85.626 −86.148 9.876 −69.691 −16.419
(−1.283) (−1.489) (0.151) (−1.132) (−0.292)

WD*Inflation *Dt
−80.945 −207.397 *** −115.453 * −166.733 *** −109.671 **
(−1.095) (−3.636) (−1.747) (−2.598) (−1.955)

WD*credit growth *Dt
−19.951 ** −7.063 −2.414 7.748 −4.254
(−2.058) (−0.711) (−0.213) (0.702) (−0.514)

GDP per capita −17.518 ***
(−4.745)

GDP per capita *Dt
6.800 ***
(6.445)

WD*GDP per capita −0.461
(−0.069)

WD*GDP per capita*Dt
−8.261 *
(−1.798)

Credit/ GDP 8.952 ***
(3.426)

Credit/ GDP *Dt
−0.945
(−1.318)

WD* credit/ GDP −11.958
(−1.241)

WD* credit/ GDP*Dt
−5.906
(−1.627)

M2/reserves −3.248 ***
(−3.173)

M2/reserves *Dt
2.812 ***
(3.689)

WD*M2/reserves 3.009
(0.681)

WD*M2/reserves*Dt
3.421
(0.629)

Terms of trade 0.006 *
(1.736)

Terms of trade *Dt
−0.002
(−0.842)

WD*terms of trade 0.019
(1.069)

WD*terms of trade*Dt
−0.012
(−0.910)

continued on next page



Annex 159

continued from previous page
Model 2A Model 2B Model 2C Model 2D Model 2E

Trade openness 0.464
(0.112)

Trade openness *Dt
6.303
(0.937)

WD*trade openness −8.894
(−0.315)

WD*trade openness*Dt
103.827 **
(1.954)

R-squared 0.821 0.787 0.788 0.778 0.778
σ2 5.385 6.417 6.382 6.703 6.699
Obs 280 280 280 280 280
log-likelihood −633.060 −658.451 −657.801 −664.393 −664.491
BIC 1474.950 1525.732 1524.432 1537.616 1537.812

Notes: This table shows the results for the distance channel based on the crisis period of 2008–2009.

T-values are reported in parentheses. The dependent variable is NPL.

The symbols ***, **, and * denote significance at the 1%, 5%, and 10% levels, respectively. “BIC”

indicates Bayesian information criterion.
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Table D.1. Sensitivity results of the independent sample t-test

Variables Banks that did not fail Banks that failed t-test
Mean Std. Mean Std.

CA1 0.53 1.21 −0.36 0.42 8.67 ***
CA2 0.34 1.18 −0.28 0.23 6.38 ***
AQ1 −0.11 0.54 0.21 1.77 −2.18 **
AQ2 −0.44 0.22 0.28 1.29 −6.96 ***
AQ3 −0.66 0.47 0.48 1.12 −11.73 ***
AQ4 −0.61 0.68 0.38 1.15 −9.31 ***
M1 0.08 1.82 −0.04 0.10 0.84
M2 0.05 1.88 0.01 0.34 0.28
M3 0.10 1.85 −0.05 0.04 1.05
E1 0.74 0.44 −0.60 1.09 14.28 ***
E2 −0.01 0.00 0.13 1.83 −0.96
E3 0.11 0.69 −0.15 1.73 1.78 *
L1 0.39 1.10 −0.27 0.75 6.25 ***
L2 −0.27 0.72 0.45 1.27 −6.16 ***
SM1 0.46 1.12 −0.23 0.96 5.88 ***
SM2 0.39 1.11 −0.32 0.72 6.75 ***
∆CA1 0.30 0.08 −0.28 0.71 10.17 ***
∆CA2 0.29 0.10 −0.28 0.70 10.20 ***
∆AQ1 −0.01 0.47 0.05 0.98 −0.64
∆AQ2 −0.05 0.25 −0.01 0.37 −1.32
∆AQ3 −0.07 0.17 −0.02 0.16 −2.71 ***
∆AQ4 −0.33 0.38 0.46 1.28 −7.40 ***
∆M1 −0.14 0.92 0.27 1.12 −3.52 ***
∆M2 −0.18 0.86 0.31 1.16 −4.20 ***
∆M3 0.03 0.77 0.00 0.90 0.28
∆E1 −0.11 1.89 0.04 0.16 −1.03
∆E2 −0.11 1.73 −0.01 0.61 −0.65
∆E3 −0.07 1.71 −0.02 0.90 −0.32
∆L1 −0.05 0.33 0.15 1.88 −1.34
∆L2 −0.08 1.13 0.11 0.91 −1.66 *
∆SM1 −0.05 0.16 0.14 1.86 −1.26
∆SM2 0.00 1.18 −0.07 0.46 0.76

Notes: Financial ratios are defined in Table 5.2. ∆ denotes the rate of change for
the corresponding financial ratio. ** p <0.05, *** p < 0.01.
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Table D.2. Sensitivity results of eigenvalues and variance of
factors

Factors Eigenvalue % of Variance Cumulative (%)
F1 4.674 24.599 24.599
F2 2.402 12.640 37.238
F3 1.760 9.266 46.504
F4 1.540 8.106 54.610
F5 1.319 6.943 61.553
F6 1.135 5.976 67.529
F7 1.043 5.488 73.017
F8 1.011 5.320 78.337

Notes: Results in this table are based on the new match-pair sample.
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Table D.3. Sensitivity results of prediction performance of SVM models (%)

HH
HHHC

γ
0.10 0.20 0.30 0.40 0.50 0.60 0.70 0.80 0.90 1.00

Missed failures
2 11.68 16.06 16.06 16.79 16.79 17.52 17.52 18.98 21.17 21.90
4 16.06 17.52 22.63 25.55 25.55 27.01 27.01 27.74 27.74 27.74
6 4.38 13.14 14.60 14.60 16.06 16.79 18.25 18.98 21.17 26.28
8 5.11 11.68 11.68 11.68 11.68 13.14 13.14 13.14 13.14 13.14
10 6.57 9.49 10.22 10.22 10.22 10.22 10.22 10.22 10.22 10.95
12 8.03 9.49 8.76 9.49 9.49 9.49 9.49 9.49 9.49 9.49
14 8.03 8.03 8.03 8.03 8.76 8.76 8.76 8.76 8.76 8.76
16 6.57 7.30 8.03 8.03 8.03 8.03 8.03 8.03 8.03 8.03
18 3.65 4.38 4.38 5.84 5.84 5.84 5.84 5.84 5.84 5.84
20 2.92 3.65 3.65 3.65 3.65 3.65 3.65 3.65 3.65 3.65

False alarms
2 20.44 23.36 25.55 29.20 29.93 30.66 32.12 32.12 32.12 32.12
4 23.36 28.47 29.93 32.12 32.85 33.58 34.31 33.58 32.85 32.12
6 32.12 37.23 39.42 40.15 37.96 36.50 35.77 35.04 33.58 32.12
8 35.04 38.69 40.88 39.42 38.69 38.69 39.42 38.69 38.69 40.15
10 37.23 38.69 40.15 40.15 40.88 40.88 41.61 42.34 42.34 43.07
12 38.69 40.88 41.61 42.34 41.61 41.61 42.34 43.07 43.07 43.07
14 39.42 42.34 43.07 43.07 43.07 42.34 42.34 42.34 42.34 42.34
16 40.88 42.34 43.07 43.07 43.07 43.07 43.07 43.07 43.07 43.07
18 43.80 44.53 44.53 44.53 44.53 44.53 44.53 44.53 44.53 44.53
20 44.53 45.26 44.53 44.53 44.53 44.53 44.53 44.53 44.53 44.53

Notes: C is the pre-determined parameter in Equation (5.9) and γ is the pre-determined parameter in the
RBF kernel function.



Samenvatting

Dit proefschrift richt zich op de identificatie, verspreiding en voorspelling van bankencrises, en op

de relatie tussen banken– en wisselkoerscrises. Het proefschrift behandelt de volgende vier onder-

zoeksvragen:

1. Hoe kunnen we een (systeem-)bankencrisis op tijd identificeren met behulp van data met een

hogere frequentie dan de data die doorgaans worden gebruikt in de literatuur?

2. Wat is de lead-lag relatie tussen wisselkoers– and bankencrises? En beı́nvloedt het gebruik van

verschillende proxies de conclusie?

3. Verspreidt financiële turbulentie in de bankensector zich over landen vanwege overloop– of

interdependentie effecten?

4. Welk type model geeft betere voorspellingen van bankfaillissementen, het logit model of data

mining modellen?

Hoofdstuk 2 beantwoordt de eerste onderzoeksvraag en contrueert een zogenaamde Money Mar-

ket Pressure Index (MMPI) om bankencrises te identificeren. De voordelen van zo’n index zijn dat

de index minder subjectief is, beschikbaar is met een hogere frequente (meerdere landen zijn niet

opgenomen in de veelgebruikte crises databases) en eerder beschikbaar is (gebaseerd op minder in-

formatie). We passen de index van Von Hagen-Ho (2007) aan en passen onze index toe op een grote

verzameling van landen, waarbij landen met een onderdrukt financiëel systeem (vooral ontwikkel-

ingslanden) worden uitgesloten. Om steekproef selectie bias te voorkomen, bevat onze steekproef niet

alleen landen die hebben geleden onder één of meer bankencrises maar ook landen zonder banken-

crises. Onze steekproef bevat 109 landen (21 industriële landen en 88 ontwikkelingslanden). We ge-

bruiken de bankencrises database van Laeven en Valencia (2010) ter vergelijking.

Onze uitkomsten suggereren dat de door ons geprefereerde index het beter doet dan de index

van Von Hagen-Ho (2007). De crises die onze MMPI oppikt passen beter bij de crises die Laeven

en Valencia (2010) identificeren, terwijl de index ook minder gevallen van loos alarm geeft. Deze

conclusie is robuust wanneer we verschillende groepen van landen, verschillende perioden en ver-

schillende tijdsvensters gebruiken. We vinden ook dat de money market pressure indices, de originele

van Von Hagen-Ho (2007) en onze aangepaste index, veel meer bankencrises lijken te identificeren

dan opgenomen in de database van Laeven en Valencia (2010). We betogen dat de meeste gevallen

van loos alarm crises zijn die zijn gemist door Laeven en Valencia, crises die niet zwaar genoeg zijn
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om als systeemcrises te worden beschouwd door Laeven en Valencia, of stress in de bankensector rep-

resenteert. Tot slot laten we zien dat de drempel van 98.5% die wordt gebruikt in de beslissingsregel

van Von Hagen en Ho overeenkomt met een beleidsmaker die gevallen van loos alarm relatief erger

vindt dan gemiste crises.

Hoofdstuk 3 gaat in op de tweede onderzoeksvraag en onderzoekt de dynamische relatie tussen

wisselkoers– and bankencrises in 94 ontwikkelingslanden en opkomende landen met kwartaaldata

van 1980 tot en met 2010. Kwartaaldata maken het mogelijk uitspraken te doen over lead-lag relaties

zelfs wanneer de twee crises in hetzelfde jaar plaatsvinden. Het nieuwe van dit hoofdstuk is dat we

de twee crises benaderen op vier verschillende manieren. Allereerst gebruiken we twee continue vari-

abelen, de Exchange Market Pressure Index (EMPI) en de aangepaste Money Market Pressure Index

(MMPI) van Hoofdstuk 2, om respectievelijk wiseelkoerskoers– en bankencrises te benaderen. Dan

converteren we de twee continue variabelen in variabelen die meerdere toestanden kunnen aangeven,

waarmee we hele zware, zware en milde crises en rustige perioden kunnen aangeven. Als derde be-

nadering zetten we de EMPI en de MMPI om in dummy variabelen, waarbij we gebruik maken van

de beslissingsregels van Eichengreen, Rose en Wyplosz (1996a) voor wisselkoerscrises en van Von

Hagen en Ho (2007) voor bankencrises. Als laatste benadering gebruiken we database van Laeven

en Valencia als alternatief voor bankencrises in combinatie met dummy variabelen gebaseerd op de

EMPI voor wisselkoerscrises. Voor gevoeligheidsanalyses voegen we tijd fixed effects toe en splitsen

we de steekproef in ontwikkelingslanden en opkomende landen.

De uitkomsten laten zien dat in de meeste gevallen wisselkoerscrises voorlopen op bankencrises

en omgekeerd. Deze uitkomst is robuust voor verschillende perioden en verschillende steekproeven

van landen. Deze conclusie verschilt van die van de meeste eerdere studies, maar stemt overeen met de

conclusie van Kaminsky en Reinhart (1999). Bankencrises lopen echter niet voor op wisselkoerscrises

wanneer we bankencrises benaderen met dummies gebaseerd op marktdrukindices. De verklaring zou

kunnen zijn dat de dummy gebaseerd op de MMPI de start van een crisis kan identificeren, maar niet

in staat is om de lengte van de crisis te identificeren. Bijvoorbeeld, de gemiddelde lengte van iedere

bankcrisis gebaseerd op de MMPI is 1.28 kwartalen en veel korter dan de 10.85 kwartalen die een

bankencrises in de database van Laeven en Valenicia gemiddeld duurt. Bovendien hebben wisselko-

erscrises een sterke toestandsafhankelijkheid, hetgeen betekent dat landen die een wisselkoerscrisis

hebben meegemaakt in het verleden een grotere kans hebben op een nieuwe wisselkoerscrisis. Dit

geldt niet voor bankencrises.

Wat betreft beleidsimplicaties: maatregelen om een banken (wisselkoers) crisis te vermijden

hebben het bijkomende voordeel dat de kans op de andere crisis wordt verminderd. Met andere wo-

orden, stappen om de stabiliteit van de sector sector te verbeteren kunnen de kans op een wisselkoers

crash verminderen; maatregelen om wisselkoersstabiliteit te promoten kunnen een stabiel banksys-

teem ondersteunen.

Hoofdstuk 4 richt zich op de derde onderzoeksvraag en onderzoekt interdependentie– en over-

loopeffecten van financiële turbulentie over landen gedurende het afgelopen decennium. Omdat prop-

agatie wordt gekarakteriseerd door ruimtelijke afhankelijkheid, gebruiken we een ruimtelijk panel data

model met ruimtelijke fixed effects om de doorwerking van beide effecten over landen te onderzoeken.
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In dit hoofdstuk bekijken we drie transmissiekanalen: handel, buitenlandse claims, en afstand. Onze

steekproef bestaat uit jaargegevens voor 40 landen over de periode 2003 tot en met 2010.

Onze uitkomsten suggereren dat financiële turbulentie significante interdependentie effecten heeft

gehad via het handelskanaal en afstand, terwijl ook een significant overloopeffect wordt geı̈dentificeerd

via het kapitaalstromenkanaal. Onze uitkomsten laten ook zien dat het kapitaalstromenkanaal een

betere beschrijving biedt dan de andere twee transmissiekanalen van financiële turbulentie. De economis-

che fundamentals die in de beschouwing zijn betrokken hebben ook robuuste overloopeffecten tussen

landen gehad, maar geen interdependentie-effecten. Vooral buitenlandse inflatie heeft robuuste over-

loopeffecten gehad op binnenlandse financiële turbulentie via alle drie de kanalen.

Hoofdstuk 5 behandelt de laatste onderzoeksvraag en vergelijkt de prestaties van het logit model

en data mining modellen voor voorspellingen van bankfallissementen in de Verenigde Staten gedurende

de periode van 2002 tot en met 2010. Het empirisch onderzoek begint met 16 financiële ratios en 16

corresponderence groeivoeten. We hebben 293 bankfaillissementen verzameld voor de periode 2002–

2010 en een paarsgewijse steekproef gecreeëerd op basis van de volgende selectieregels: (1) vergeli-

jkbaar in omvang van eigen middelen [-30%, 30%] ten opzichte van de bank die failliet ging in het

kwartaal van het faillissement, and (2) gevestigd in dezelfde staat. We gebruiken de data van 2002 tot

en met 2009 als ex post steekproef, en de data van 2010 als ex ante steekproef.

Empirische resultaten laten zien dat van de twee data mining modellen support vector machines

bankfaillissementen beter voorspellen dan neurale netwerken. Het logit model genereert meer fail-

lissementen en valse alarmen ex post, maar minder faillissementen en valse alarmen ex ante. Deze

conclusie is robuust wanneer we een andere paarsgewijse steekproef kiezen op basis van dezelfde

selectieregels. Bovendien voorspelt het logit model bankfaillissementen met een nauwkeurigheid die

hoger ligt dan 96%, en banken die failliet gaan met een nauwkeurigheid hoger dan 83%.

Het logit model biedt in economische termen een beter begrip van de relatie tussen financiële vari-

abelen en bankfaillissementen dan de data mining modellen. Daarmee stellen ze toezichthouders in

staat tot meer efficiënte supervisie. Bovendien is het logit model beter in staat om bankcrises te voor-

spellen waardoor verwachte kosten van financiële reddingsacties worden gereduceerd en de kosten

voor het publiek tot een minimum worden beperkt. Daarom kan het logit model worden ingezet als

een decision support instrument om bankproblemen op te sporen.




