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Introduction

Unlike the financial crises of past centuries and decades, the systemic risk of current crises

is significantly higher due to extensive globalization and the deep interconnections of global

economies.

But it is important to know that the sooner a financial crises is suspected, the quicker solu-

tions can be implemented to either prevent it or at least mitigate its consequences. It is in this

context of prevention that the Early Warning System (EWS) models were developed.

In 2024, a stable and growing economy is a major factor in a country’s well-being. In this

context, the Early Warning System (EWS) plays firstly a crucial role in prospering in a healthy

economy. The results of these EWS can be used to assess monetary policies and government

decisions in order to avoid social catastrophes such as famine, revolutions, etc.

It is in this context that we have decided to take an interest in this model because it means

more than a simple mathematical code. We are both passionate about finance and the impact

of the economic world on our daily lives. It was, therefore, logical for us to turn to a subject

for our master’s thesis that was linked to our passions. We wanted to grasp the model but also

understand what impact the different variables would have on it.

Our research question is : What variables should be included in a dynamic EWS

model in order to have the best fitting model for financial crises (currency, banking

and debt crises) ?

In our study, we will try to identify the most significant variables for each type of crises.

We will cover the following 12 countries: Argentina, Brazil, Finland, Greece, Japan, Mexico,

Poland, Portugal, Turkey, Spain, South Africa and USA.

Our work will be divided into 2 parts. The first one is a literature review in which we will

review all the theoretical concepts that we will use in the second part.

In this first part, we will explain what a crises is and what its characteristics are, depending
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on the type of crises. We will focus on 3 types of crises banking, currency and debt. Next, We

will define what an EWS model is and why we decided to use a dynamic one.

The second section is an empirical research. We will first review the methodology and the

variables we used. Next, we will focus on the relation between variables. 3 tests were used:

bivariate regression, correlation tests and multicollinearity tests.

After excluding certain variables using the 3 tests above. We will run the Logit estimation

model for each country and each crises to determine the most significant variables. When these

have been chosen, we will forecast the crises probability with these most significant variables

and analyse whether certain countries are currently in crises or are in the process of becoming so.

Finally, we will evaluate our model and explain the limitations we faced during our work.
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Literature review

To fully comprehend our subject and address our research question, we will take up with a

literature review. Our aim in this section is to delve into essential theoretical concepts that will

underpin our upcoming work. Let’s begin with the definition of a financial crisis.

1 Definition financial crises

The term financial crisis is subject to various interpretations making it challenging to formu-

late a precise and comprehensive definition. However, the International Monetary Fund’s (1998)

defines it as potentially severe disturbances in financial markets that can have significant and

adverse consequences on the real economy.

According to Mishkin (1992), a financial crisis drives the economy away from its stability

where financial markets function efficiently towards a state where the market declines. During

financial crisis, moral hazard and adverse selection are becoming much worse problems, making

it challenging for markets to allocate properly funds to the ones with the most productive in-

vestment opportunities.

Financial crisis could trigger an economic recession, marked by declines in consumption and

investments influenced by macroeconomic decisions. Furthermore, the term financial crises en-

compasses various specific crises, including currency, banking, and debt crises (Aziz et al. 2000,

p.5).

In the following section, we will define these different types of crisis, beginning with the

banking one.

1.1 Banking crises

Banking crisis can be conceptualized as a time when a notable portion of the banking system

experiences either illiquidity or insolvency events (Beck et al., 2000).

Solvency crises occur when a bank’s liabilities surpass the present value of its assets, ren-

dering the bank effectively bankrupt. The liability approach emphasizes the liabilities listed on
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banks’ balance sheets (Beck et al., 2000).

Very often, a banking crisis emerges from several factors, each contributing to the crisis on

its own scale. Therefore, it makes sense that some factors have a more pronounced influence

than others. Based on their causes, banking crises are generally categorized into two types:

microeconomic or macroeconomic (Quintyn and Hoelsher, 2003) .

Crises stemming from microeconomic causes are attributed to uncontrolled practices and

lenient policies within certain banks, such as excessive lending. Lax lending methods can con-

tribute to the formation of asset price bubbles or lead to an excessive concentration in bank

portfolios. The predominant cause often lies in risk management. Fragile systems are at the

root of many microeconomic banking crises, leading to deficient balance sheets. Banks with

deficiencies in their balance sheets are vulnerable to any shock, and even relatively minor exter-

nal events can be enough to trigger a loss of confidence and a widespread flight (Quintyn and

Hoelsher, 2003).

Crises resulting from macroeconomic perspective causes are quite different from the pre-

ceding ones. They are initiated by external aggregates to the banking system. Well-managed

banking systems, within a robust legal framework, can be overwhelmed by the effects of faulty

macroeconomic policies. Well-managed banks can absorb certain shocks, but irrational mone-

tary, exchange, or fiscal policies can create financial tensions that compromise the solvency of

banks or push them into risky operations. Here are some examples that weaken banks and make

them more vulnerable: too much exposure to the government, often the result of high returns

on public bonds, the dollarization of financial contracts, and high and volatile interest rates

(Quintyn and Hoelsher, 2003).

1.1.1 Systemic vs non systemic crises

Systemic and non-systemic crises damage the real economy by hindering the normal flow

of credit from savers to entrepreneurs and other businesses, while also making risk distribution

more difficult or costly. Given the harm that financial crises can inflict, researchers and policy-

makers are keenly interested in their causes and consequences (Ozili,2020).
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A systemic crisis occurs when issues within one or more banks reach a severity that signif-

icantly harms the real economy. This is because financial instabilities become so pronounced

that they affect the entire financial system, particularly at the aggregate level (economic in-

dicators). Such a crisis typically involves a mass withdrawal of creditors and depositors from

both financially stable and insolvent banks, posing a threat to the entire banking sector. The

panic is driven by concerns that obtaining the means of payment will become impossible at any

cost. In a fractional reserve banking system, this triggers a rush for high-powered money and a

withdrawal of external credit lines (Quintyn and Hoelsher, 2003).

At the heart of systemic risk lies contagion, "In economics and finance, a contagion can be

explained as a situation where a shock in a particular economy or region spreads out and affects

others by way of, say, price movements" (The Economic Times, s.d.).

In financial systems, the transmission of shocks and crises can occur through multiple chan-

nels of contagion, ultimately contributing to systemic crises. One significant channel is liquidity

hoarding, where banks adopt precautionary measures by holding onto liquidity reserves rather

than lending them out. This behavior can exacerbate financial stress by reducing the availabil-

ity of funds for borrowing and investment, thereby tightening credit conditions and potentially

triggering broader economic downturns. Another channel of contagion is through direct cross-

exposures in interbank markets. Financial institutions often have interconnected relationships,

and distress in one institution can quickly spread to others through these linkages, leading to a

domino effect of financial instability. Additionally, fire sale externalities present another avenue

for contagion. When distressed assets are sold at discounted prices, it can trigger a downward

spiral in asset values as other market participants mark down the value of their holdings, creating

a feedback loop of declining market confidence and further distress (Aldasoro et al., 2017).

A non-systemic crisis can be defined as a crisis that does not have a widespread impact across

multiple banks or on the macroeconomic aggregates of a country. It typically involves specific

sectors such as savings or loans. However, this type of crisis can escalate and become fatal as it

may trigger a domino effect, dragging other sectors along with it (Quintyn and Hoelsher, 2003).
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1.2 Currency crises

Intuitively we link currency crises with a strong and drastic depreciation of the nation’s cur-

rency. Nevertheless a clear and universal definition of currency crises does not exist. But most

of the researchers agree on the fact that a currency crisis happens when investors fear that a

currency becomes weaker (Krugman, 2007).

That speculative attack could either result in a sharp depreciation as mentioned previously,

or it could force the authorities to use macro-economic tools, such as raising the interest rates,

force capital control or using high amounts of international reserves, in order to avoid a currency

crisis (Claessens et al., 2013).

The origin of a currency crisis can be divided into two clear categories. The first generation

crisis explains how a currency crisis arises from the mishandling of macroeconomic fundamentals.

In contrast, the second generation suggests that crisis emergence is due to factors not directly

related to macroeconomic fundamentals.

Lets develop those concepts in the following parts.

1.2.1 First generation crises

A first-generation currency crisis, outlined by Flood and Graber (1984), arises due to mis-

management of macroeconomic fundamentals, particularly in the management of the domestic

money market.

Krugman (2001) added three key observations to take into account when defining a first

generation crisis.

The first one being, as mentioned above, the root that causes a crisis is poor government policy.

The increase in the shadow exchange rate is caused by the government’s desire to create money,

a concept known as seigniorage. The models indicate that addressing fiscal problems could pre-

vent these crises. Secondly, although the crisis occurs suddenly, it is deterministic, which means

it is inevitable given the existing policies. Theoretically, the timing of the occurrence of the crisis

could be predicted, but in reality forecasting is quite challenging. Finally, first-generation crises

seem to have limited consequences expect exposing existing economic problems. These crises

serve more as a revelation of economic issues rather than initiate significant post-crisis downturns.
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Flood and Marion (1999), in reference to Flood and Graber (1984), describe the mathemat-

ical model that explain the concept of the first generation model.

In this model we assume that a country fixes its currency exchange rate to that of a large

foreign partner. The domestic money supply equilibrium is represented as follow :

m− p = α(i), α > 0

where m is the domestic supply of high-powered money, p is the domestic price level, and i

is the domestic interest rate.

The key components are the following :

• Domestic money supply is backed by domestic credit (d) and international reserves (r),

with m = d+ r.

• Price level (p) follows purchasing power parity, p = p∗ + s, where p∗ is the foreign price

level and s is the exchange rate.

• Interest rate parity, i = i∗ + s′, where i∗ is the foreign interest rate.

So when a crisis happens, if the government finances deficits by increasing domestic credit,

this leads to a loss of reserves (r′ = -v), eventually forcing a departure from the fixed exchange

rate.

1.2.2 Second generation crises

The second generation currency crises theory, introduced by Obstfeld in 1996, bifurcates

from the traditional focus on macroeconomic fundamentals and highlights the role of market

imperfections and investor behavior in generating currency crises (Flood and Marion, 1999).

The second generation model focuses on the non-linear behaviors of the economic agents.

Unlike the first generation which is based on linear assumptions and policy mistakes. Here,

the model highlights the significance of macroeconomic trade-offs, market perceptions, and self-

fulfilling dynamics. Additionally, the model adds the concept of multiple equilibria where the

economy could have different stable situations determined by the initial condition and the agents
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actions. For example, those multi-equilibria could result from the government’s non-linear be-

haviors and could be influenced by various factors as extreme beliefs, information cascade, etc.

(Flood and Marion, 1999).

The second generation model suggests that crises can arise suddenly, even in situations where

no crisis seemed imminent, due to, once again, shifts in market perceptions and expectations.

This indeterminacy underscores the importance of understanding market dynamics and expec-

tations in predicting and managing currency crises (Krugman, 2001).

Let’s now have a look into the mathematical model explained by Flood and Marion (1999),

in reference to Obstfeld (1996).

This model considers that the government minimizes its loss function, which is calculated as

follow:

L(.) = (y − y∗)2 + βε2 + C(ε)

C(ε) refers to the cost when changing the exchange rate

ε = et − et−1 is the change in the exchange rate

y∗ is the output target

The government chooses the exchange rate e after it has observed the negative supply shocks.

But any variation in e changes C(ε) which is included within [C
−
,
−
C].

We will now combine the initial equation (1) with the Philips curve A.1.

L = [(
−
y − y∗) + α(ε− εe − u]2 + βε2

In order to minimize the function we want the partial derivative to be equal to 0 (the demon-

stration can be found in A.2).

MinεL(.) =
∂L(.)

∂ε
<=> ε =

α(y∗ − −
y + u) + α2εe

α2 + β
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Thus, if y∗ is >
−
y it means that it is incentive to devaluate because ε > 0.

As we mentioned in the definition of the second generation crisis, it is a multi-equilibria

model. In fact, it exists 3 equilibria that depends on the shocks (u). All the mathematical

details for the equilibrium can be find in the appendix A.3. The 3 different equilibria are the

following :

Equilibrium I :

E(ε) =
α

α2 + β

{
[y∗ − −

y + αεe][1 +

−
u− u

−

2µ
] +

−
u2 − u2

−

4µ

}
Equilibrium II :

E(ε) = (
µ− −

u

2µ
)(

α

α2 + β
)[(y∗ − −

y + αεe) +
µ− u

−

2

Equilibrium III:

E(ε) =
α

α2 + β
(y∗ − −

y + αεe) E(u) = 0

The following graph represents the multi-equilibria that the second generation model, estab-

lished by Obstfeld, states. As we can see, if the initial situation is Eq1 and a shock happens, then

the only equilibrium that is stable is Eq 3 which equals to a 100% probability of devaluation.
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Figure 1: Second generation crises model

1.3 Debt crises

A debt crisis occurs when a country faces challenges or outright refusals in paying back its

debt. This situation can emerge due to various reasons such as sudden drops in currency value,

high inflation, or measures that limit financial freedoms (Claessens and Kose, 2013).

Delving deeper, Detragiache and Spilimbergo (2001) outlined two primary conditions that

define a debt crisis. Firstly, it is when a country falls behind on paying back the principal

or interest on its foreign debts to private lenders by more than 5% of its total external debt.

Secondly, it occurs when there’s a need to renegotiate or restructure debt with these private

creditors. This definition specifically includes situations where a country takes steps to rear-

range its debt payments before actually defaulting, while excluding minor payment delays. It’s

also worth noting that issues related to restructuring or delaying payments on government-held

debt do not fall under this crisis category.

Moreover, it’s crucial to differentiate between a new crisis and the extension of a previous

one. According to Detragiache and Spilimbergo (2001), a crisis happening within four years of

an earlier one is seen as a continuation.
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Dornbusch (1989) identified several factors that play a role in the development of a debt crisis,

highlighting the delicate equilibrium between creditors and debtors. These factors include:

1. An increase in real interest rates, which can worsen the financial situation if creditors are

hesitant to provide additional funds.

2. A drop in the non-interest current account balance, which could result from domestic

economic issues or external pressures like unfavorable trade conditions or lower demand

for exports, leading to a financing gap.

3. A sudden rise in global inflation rates, which could lead to an increase in nominal interest

rates and, consequently, cause cash flow problems for borrowers (this would happen even

if the interest rates remain unchanged).

4. Lastly, concerns from creditors about their risk exposure might lead them to reduce new

loans and demand repayment of existing loans, aggravating the debt situation.

1.4 Other crises

In the previous sections, we defined three primary types of financial crises—banking, cur-

rency, and debt—which are essential to our empirical research focus. However, it’s imperative

to acknowledge the existence of numerous other financial crises that may not be within our

immediate scope. In the following segment, we’ll briefly approach additional categories.

The first type of crisis we find important to acknowledge is the balance of payment one,

which is defined by Krugman and Obstfeld (1997) as an extreme variation in the foreign reserves

sparked by a difference in the expectation for the anticipated exchange rates. However Kaminsky

and Reinhart (1999) state that the currency pegs are abandoned when a BoP crisis happens.

Furthermore, it is worth noting that crises which come from outside the economic field can

have a serious impact on national economies and financial markets. For example, the COVID-

19 pandemic, is, initially, defined as a public health crisis. But it has had clear and severe

impacts on the global economy in general, which highlights the importance of a comprehensive

understanding of crises dynamics.
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2 Definition Early Warning Systems (EWS)

Kovalevski (2024) defines an early warning system as "The set of capacities needed to generate

and disseminate timely and meaningful warning information to enable individuals, communities

and organizations threatened by a hazard to prepare and to act appropriately and in sufficient

time to reduce the possibility of harm or loss".

As outlined by Christofides et al. (2016), it is feasible to categorize early warning signals into

four distinct groups, each with its own advantages and drawbacks. The first one employs the

logit/probit approaches, where certain crisis indicators must reach a specific probability threshold

to be considered in a ’crisis’ (e.g., Eichengreen et al., 1995). Other non-parametric signaling

approaches are used to identify crises through threshold values (e.g., Kaminsky et al., 1998).

The third strategy entails segmenting the sample into countries experiencing crises and those

not in crises, as determined by researchers’ selection (e.g., Kamin, 1988). Recent approaches

have employed alternative statistical methods to determine thresholds for early warning signals

using regression trees (Ghosh and Ghosh, 2003).

2.1 Signal approach

Over the past few years, numerous researchers have documented their success in systemati-

cally predicting which countries are at an elevated risk of facing monetary crises. A particularly

distinguished model, developed before 1997, aimed at predicting monetary crises is the indica-

tors approach. Developed by Kaminsky et al. in 1998, this approach is known as the KLR

model. The model employs an extensive array of monthly indicators, issuing a warning signal

for a potential crisis whenever these indicators surpass a certain predetermined level (Karmarkar

and Vani, 2014).

The fundamental concept behind this method is based on the idea that the economy exhibits

distinct behavior as it approaches financial crises compared to more ’normal’ periods. The in-

dicators selected in the model are of a macroeconomic nature and are directly impacted by the

crises. This signal-based approach uses these indicators to proactively identify crises. Since eco-

nomic crises are often preceded by significant developments or imbalances, leading indicators,

such as declining GDP growth rates and balance of payments issues, show exceptional values
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before a crisis begins. To implement the KLR approach, the percentage change in the value of

each indicator is calculated to standardize them (Kaminsky et al., 1998).

Each indicator triggers a signal when it surpasses a predetermined optimal threshold level.

To establish this optimal threshold for each indicator, the noise-to-signal ratio is minimized us-

ing a matrix. In this scenario, "noise" denotes random fluctuations or non-systematic variability

present in economic and financial data, whereas "signal" indicates significant patterns or trends

that may reflect underlying economic conditions or risks. A high noise-to-signal ratio suggests

that the data is predominantly influenced by random fluctuations, rendering it challenging to

identify meaningful patterns or trends. Conversely, a low noise-to-signal ratio indicates that the

data contains distinct and meaningful signals, facilitating more reliable analysis and interpreta-

tion (Kaminsky et al., 1998).

The performance of each indicator is assessed based on the matrix, with cells indicating the

number of months during which the indicator gave a correct signal (A), produced a false signal

or ’noise’ (B), failed to give a signal that would have been correct (C), and failed to give a signal

that would have been incorrect (D)(Kaminsky et al.,1998 ).

To categorize the data into the A/B/C/D format, a binary code is assigned, considering

a negative flow or a decrease as a signal and the absence of a signal otherwise. This binary

encoding simplifies the subsequent classification into A/B/C/D for each indicator (Kaminsky et

al.,1998).

Table 1: Confusion Matrix for Kaminsky

Predicted Class
crises within 24 months No crises within 24 months

Signal was issued A B
No signal was issued C D

Noise = B/(B+D) : Signal = A/(A+C)

To determine the optimal threshold for each indicator, KLR identifies the threshold that

minimizes the noise-to-signal ratio. These thresholds are calculated based on the percentiles of

distribution for each country for the respective variable.
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An indicator emits a warning signal if it exceeds this critical threshold level. All calculations

are performed within a 2-year crisis window.

A more advanced approach involves selecting a specific percentile from the frequency distri-

bution, taking into account the distribution of predicted values and the number of events. The

threshold level is derived using the α percentile.

α represents the percentile threshold used to identify extreme observations in a dataset calcu-

lated as 1 minus the ratio of the maximum possible number of correct signals (A+B) over the

total number of observations (n).

α = 1− A+B

n

where

α is the threshold percentile for the indicator

A+B is the maximum possible correct signals

n is the total number of observations

This α percentile, subtracted from 1, positions the threshold within the frequency distribu-

tion at higher values. Consequently, minimizing the noise-to-signal ratio results in an optimal

threshold percentile for each indicator that remains consistent across all countries.

2.2 Binary model

A binary model is a type of regression where the outcome variable is binary, meaning it only

takes two values, typically 0 and 1. Those values are representing the two possible choices or

states. The model calculates the probability of one choice being made over another based on

various explanatory variables. However the econometric challenge is to determine the conditional

probability where Y = 1, considering this probability as a function of the explanatory variables.

In order to do so, the most common methods are the logit and probit approaches. Where in

simple words, we make the assumption that we already know the function of the dependence on

the explanatory variables (Horowitz and Savin, 2001).
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2.2.1 Logit vs Probit

In the field of statistics, the probit and logit (logistic) model are used as a form of regression

characterized by a binary dependent variable, which is limited to two possible outcomes, such

as crisis situation or no crisis. The main objective of these model is to calculate the probability

that an observation with specific characteristics will be categorized into one or the other of these

categories, making these models a method of binary classification (Karmarkar and Vani., 2014).

The primary difference between the logit and probit models lies in the function used to link the

linear combination of the predictors to the probability of the outcome (Vasisht, 2007).

Here’s how these models are represented mathematically.

The logistic regression model (logit model) uses the logistic function to model the probability

that a certain observation falls into one of the two categories. The logistic function is defined as

follows:

P (Y = 1) =
1

1 + e−(β0+β1X1+...+βkXk)

This formula calculates the probability P (Y = 1) that the dependent variable Y equals 1

using the logistic function where e is the base of the natural logarithm, and β1 + ... + βk, are

the coefficients of the model for the independent variables X1,...,Xk, and β0 is the intercept.

The probit model uses the cumulative distribution function (CDF) of the standard normal

distribution to model the probability. The probit model is represented as:

P (Y = 1) = Φ(β0 + β1X1 + · · ·+ βkXk)

As above, This formula calculates the probability P (Y = 1) that the dependent variable Y

equals 1. Φ represents the CDF of the standard normal distribution, β0 is the intercept, and β1

+ ... + βk are the coefficients of the independent variables X1,...,Xk.

2.3 Binary recursive tree

It exists more structured approaches at our disposal compared to the previous one. One such

method is the Binary Recursive Tree (BRT). This statistical technique, devoid of parameters,

excels in discerning meaningful patterns among indicator variables to forecast binary outcomes.
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Through exhaustive examination, the BRT evaluates all potential variables across various thresh-

old values. It then identifies the indicator, along with its optimal threshold, that effectively

segregates the dataset into purer sub-samples or more homogeneous child nodes. These subdivi-

sions exhibit a notable shift in crisis probabilities, either escalating or diminishing significantly

compared to the sample average (Duttagupta and Cashin, 2011).

Formally, it is a set of rules used to predict a binary outcome, y, based on a group of ex-

planatory variables, xj, where j ranges from 1 to J . In each part of the tree, the data is divided

using a certain value, x̂j, from one of the explanatory variables, into two smaller groups. This di-

vision process repeats for each new group until a final group is reached (Ghosh and Ghosh, 2003).

To illustrate, let y represent the occurrence of a crisis, where y = 1 if there is a crisis, and y = 0

otherwise. The sample is randomly divided into a main sample and a smaller test sample, which

is reserved for out-of-sample robustness checks. Within the main sample, the algorithm seeks

sequential splits based on explanatory variables and their threshold values that best differentiate

between groups. For example, consider a scenario where a large current account deficit is often

associated with currency crises and thus may serve as a useful discriminator. However, there

will be instances where countries with small deficits experience crises (type I error), and others

with large deficits do not (type II error). The algorithm evaluates all observed deficit values in

the sample to determine the threshold value x∗
j that optimally distinguishes crisis and non-crisis

countries, aiming to minimize the combined sum of type I and type II errors (Ghosh and Ghosh,

2003).

3 Dynamic models

Apart from the signaling approach, in order to implement and calculate an Early Warning

System, there exist multiple mathematical models.

Candelon et al. (2014) explain that the models used to predict financial crises should be

dynamic. Before looking into why the models should be dynamic, we will have a look at what

is a dynamic model.
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3.1 Definition

A dynamic model includes real-time data, and expects the values to evolve over time. In

other words, the dynamic model describes how a whole system and its properties change with

time. This is helpful to analyze relationships between variables that cannot be seen with steady

models. This method contrasts with the static model which is based on historical data and fixed

parameter (Ellner and Guckenheimer, 2006).

Migon et al. (2005) add a specificity and state that dynamic linear models are parametric

models that describe the variation of each parameters and the availability of the data in prob-

abilistic terms. The authors see the dynamic linear models as a generalization of the linear

regression models which, throughout time, allows changes in the values of the parameters.

Different types of dynamic models exist. The first one being a model where we include the

lagged binary variables (yt−1). The second one includes lagged index (αt−1). In the second

approach, every time there is an increase in the index, a linear transmission to the next period

happens, which means that the probability of a crisis to occur becomes higher. Whereas, for the

first method, the index has to surpass a certain threshold to trigger a crisis in the prior period.

Finally, a combination of both approaches can also be used, but it is a more complex method

(Candelon et al., 2014).

3.2 Why an EWS model should be dynamic ?

We have now understood the concepts behind dynamic models, so lets look into why when

using EWS, the models should be dynamic ?

Candelon et al. (2014) highlight the need for an EWS to be dynamic due to the fact that

it has better forecasting abilities. Indeed, the dynamic EWS performs better or at least has

the same performance in-sample but also out-of-sample. It is also the case when comparing the

forecast horizon. The dynamic model performs better looking at one period ahead, but when

looking a bit further, six months ahead, the dynamic one out-performs the static one as well.
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Empirical research

In this section, we undertake a quantitative analysis to explore the dynamics of past financial

crises across a diverse set of countries. Our empirical research will replicate and expand upon

existing studies to identify and evaluate the impact of key variables across different types of

financial crises (currency, debt or banking).

4 Methodology

First, we will define the geographic areas we are going to study in our research. Our sample is

focused on 12 different countries chosen for their geographic diversity and the different degrees

to which they have suffered or been protected from financial crises. These countries include

Argentina, Australia, Brazil, Finland, Greece, Mexico, Poland, Portugal, Spain, South Africa,

Turkey, and the USA.

Given that Australia has not experienced significant banking, currency, or debt crises, it has

been excluded from this particular analysis.

Regarding the time-frame, we will use in our Early Warning System, it spreads from 1980

to 2019, covering approximately 37 years of financial data. Gathering consistent data across

all countries for this duration was challenging, and in some cases, impossible. When data were

unavailable, we decided to substitute these non-existing values with zeros. This approach not

only simplified data handling but also resolved some coding complications we faced.

OOnce we have identified and described all our variables, detailed in the subsequent section,

we will proceed to test the relationships between each variable. We will examine the correlations

and multicollinearity among the variables. To fully understand the relationship between each

variable, we will perform a bivariate regression. Additionally, we will use the Pearson correla-

tion coefficient, which results in a correlation matrix, to gauge how strongly our variables are

correlated.

Regarding multicollinearity, we will initially perform a simple regression that features an

independent variable against all other variables concurrently and then run a collinearity test.

This approach will help us determine the presence of multicollinearity among the variables.
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Subsequently, we will implement a logistic estimation model to estimate the probabilities of

financial crises to occur. This method choice has been inspired by one of the methodologies

reviewed in Frankel and Saravelos’ (2012) work. Our implementation will involve constructing

a binary dependent variable, which indicates the presence or absence of a financial crisis within

a given country-year observation.

In the final stage of our empirical study, we are going to forecast the probabilities of financial

crisis to take place in each country included in our research. Then, we will evaluate the accuracy

and consistency of our forecast by implementing evaluation metrics as MAE, MSE and RMSE.

All statistical analyses and model implementations will be conducted using RStudio, which

provides the necessary tools for data manipulation, statistical modeling, and graphical represen-

tations.
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5 Dataset

Our dataset comprises 16 financial and macroeconomic variables, collected from 1980 to 2019

with data points recorded on quarterly basis. These variables are sourced from multiple well-

known databases. Indeed, a significant portion of our data comes from the Federal Reserve Bank

of St. Louis (FRED)1, while additional data are extracted from the Organisation for Economic

Co-operation and Development (OECD)2 and the International Monetary Fund (IMF)3.

Given the diverse data availability across different countries, we encountered challenges with

missing values. To address this and enable consistent model implementation, we substituted

missing data points with zeros. We acknowledge that this approach may introduce bias into our

analysis, which will be carefully considered when interpreting the results.

1FRED website: https://fred.stlouisfed.org/
2OECD database: https://data.oecd.org/
3IMF database: https://data.imf.org/

https://fred.stlouisfed.org/
https://data.oecd.org/
https://data.imf.org/


21

6 Variables

6.1 Consumer price index

The Consumer Price Index (CPI) serves as a fundamental economic measure, reflecting

changes in the price level of a standard basket of goods and services purchased by households

over time. Specifically, CPI energy focuses on tracking variations in energy prices, such as those

of gasoline, electricity, and natural gas (OECD, 2024).

CPI serves as a key measure of inflation, reflecting changes in the cost of living. When CPI

rises, it indicates that consumers are paying more for the same basket of goods and services,

which can erode purchasing power and potentially lead to reduced consumer spending (OECD,

2024).

Central banks closely monitor CPI to inform their monetary policy decisions. It serves as

a benchmark for adjusting various financial elements tied to the cost of living. This includes

labor contracts, pension payments, and government benefits, which often incorporate CPI-based

adjustments. When CPI rises, these payments may increase to keep pace with the rising cost of

living (OECD, 2024).

6.2 Interest Rates: Long-Term Government Bond Yields

Long-term interest rates, typically referring to the yields on government bonds with matu-

rities of ten years or more, play a critical role in the financial landscape. They represent the

cost of borrowing over extended periods, typically referring to yields on government bonds with

maturities of ten years or more. They are influenced by factors such as lender pricing, borrower

risk, and bond market fluctuations. These rates impact investment decisions and serve as bench-

marks for setting interest rates across the economy (OECD, 2024).

The yield on the 10-year Treasury bond is particularly significant, serving as a proxy for

mortgage rates and reflecting investor confidence levels. When confidence is high, bond prices

drop, leading to higher yields, while low confidence prompts bond prices to rise and yields to fall.

Overall, long-term interest rates play a crucial role in shaping economic activity and investor

sentiment (OECD, 2024).
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6.3 Interest Rates: 3-Month or 90-Day Rates and Yields

Short-term interest rates denote the rates at which short-term loans are transacted among

financial institutions or the rates at which short-term government securities are issued or traded

in the market. These rates, usually expressed as percentages, are calculated as daily averages.

They are often derived from three-month money market rates and are commonly referred to as

"money market rates" or "treasury bill rates" (OECD, 2024).

6.4 Real gross domestic product (GDP)

Gross Domestic Product (GDP) is a measure of the total monetary value of all final goods

and services produced within the borders of a country during a specific period, typically a quarter

or a year. It encompasses all economic activities conducted within a nation’s territory, including

goods and services produced for sale in the market, as well as some non-market production,

such as government-provided defense or education services. GDP serves as a crucial economic

indicator, reflecting the overall health, performance of an economy and plays a significant role

in shaping policy responses and influencing outcomes during times of crises (IMF Glossary, 2021).

We are using the variation of GDP in our dataset so that we can incorporate this fundamental

economic measure into our computational model, enabling more comprehensive analysis and

prediction of economic trends and outcomes.

6.5 M2/Reserve

M2 is a measure of the U.S. money stock that includes M1 (currency and coins held by

the non-bank public, checkable deposits, and travelers’ checks) plus savings deposits (including

money market deposit accounts), small time deposits under 100,000$ and shares in retail money

market mutual funds (Stlouisfed, s.d.).

The money multiplier, also known as the M2/Reserve Ratio, measures the relationship be-

tween the money supply (specifically M2) and the reserves held by banks. It quantifies how many

more dollars are in circulation compared to the reserves. For instance, a money multiplier of 10

signifies that there are ten times more dollars in the economy than in reserves. This concept

illustrates how an initial deposit into a bank leads to a significant increase in the money supply



23

beyond the original deposit amount (Vedantu, s.d).

A higher money multiplier indicates a greater potential for banks to create additional money

through lending. Central banks use changes in reserve requirements and open market operations

to influence the money multiplier and, consequently, the money supply. By adjusting reserve

requirements or conducting open market operations (Vedantu, s.d).

6.6 The Balance of Payments (BOP)

The Balance of Payments (BOP) serves as the mechanism through which countries monitor

all international financial transactions within a specific timeframe, typically on a quarterly and

annual basis. It accounts for all transactions conducted by both the private and public sectors

to ascertain the flow of money into and out of a country. Transactions resulting in money inflows

are recorded as credits, while those involving outflows are categorized as debits (Kenton, 2024).

The BOP influences for example exchange rates by reflecting the supply and demand for a

country’s currency in international markets. A surplus in the BOP, indicating strong demand

for a country’s exports, may lead to an appreciation of its currency (Kenton, 2024).

6.7 Exchange rate

An exchange rate is the rate at which one currency can be exchanged for another currency.

It plays a critical role in facilitating international trade and financial transactions by determin-

ing the relative value of different currencies. Exchange rates are influenced by various factors,

including supply and demand dynamics, interest rates, inflation rates, economic performance,

geopolitical events, and government intervention in currency markets (OECD, 2024).

Changes in exchange rates can impact trade flows, as a stronger domestic currency makes

exports more expensive for foreign buyers and imports cheaper for domestic consumers. Con-

versely, a weaker currency can boost exports by making them more competitive in international

markets but may also increase the cost of imported goods (Chen, 2024).
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6.8 Industrial production

Industrial production refers to the total output generated by industrial establishments within

a specified geographical area, typically a country or region. It encompasses various sectors such

as mining, manufacturing, electricity generation, gas production, steam, and air-conditioning

(OECD, 2024).

This economic indicator quantifies the volume of production output and is often measured

using an index relative to a reference period. The index serves to express changes in the level of

industrial production over time, providing insights into the growth or contraction of industrial

activity within the economy (OECD, 2024).

6.9 Reserve

Total reserves excluding gold refers to the sum of a country’s foreign exchange reserves held

in assets other than gold. These reserves typically consist of foreign currencies, such as U.S.

dollars, euros, yen, or other major currencies, as well as certain reserve assets held with interna-

tional financial institutions like the International Monetary Fund (IMF) or other central banks

(OECD, 2024).

These reserves serve as a crucial component of a country’s overall reserves and play a vital

role in supporting its currency and managing its external financial obligations. Central banks

hold these reserves to ensure stability in the foreign exchange market, provide liquidity in times

of crises, and maintain confidence in the domestic currency (OECD, 2024).

We are using the variation of reserve in our dataset so that we can incorporate this measure

into our model.

6.10 3-Month Treasury Bill Secondary Market Rate

The 3-Month Treasury Bill Secondary Market Rate refers to the interest rate at which 3-

month Treasury bills are traded on the secondary market. Treasury bills, also known as T-bills,

are short-term debt securities issued by the United States government to finance its operations

and manage its cash flow. The secondary market for Treasury bills allows investors to buy and
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sell these securities before their maturity date. The 3-month Treasury Bill secondary market

rate reflects the prevailing market interest rate for these securities at any given time (Dupont et

al., 1999).

This rate is determined by supply and demand dynamics in the market and is influenced by

factors such as changes in monetary policy, economic conditions, investor sentiment, and the

overall level of interest rates in the economy (Loo, 2023).

The 3-Month Treasury Bill Secondary Market Rate serves as a benchmark for short-term

interest rates in the broader economy. Changes in this rate can affect borrowing costs for

businesses, consumers, and governments. Changes in the 3-Month Treasury Bill Secondary

Market Rate can signal shifts in market sentiment and investor confidence (OECD, 2024).

6.11 Market Yield of 10-Year U.S Treasury Securities

The 10-Year Constant Maturity yield represents the yield on Treasury securities with a ma-

turity of exactly 10 years, as determined by the U.S. Treasury Department. It reflects the

annualized return that investors would receive if they purchased and held a 10-Year Treasury

Security until maturity, with interest payments made semi-annually (U.S. Department of the

Treasury, 2022).

The Market Yield on U.S. Treasury Securities at 10-Year Constant Maturity is an important

benchmark for long-term interest rates in the financial markets. It is widely used by investors,

economists, and policymakers to assess the cost of borrowing for the U.S. government and to

gauge broader trends in interest rates and economic conditions (Zucchi, 2023).

Changes in the 10-Year Treasury yield can reflect broader trends in global economic condi-

tions. For example, a decline in the yield may indicate expectations of weaker economic growth

or deflationary pressures, which could have spillover effects on other countries, particularly those

with close economic ties to the United States (CBRE, 2023).
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6.12 Import goods and services

Import of goods and services, as an economic variable, refers to the total value of products

and services purchased from foreign sources by residents of a country within a specific period

(The World Bank, s.d.).

This variable encompasses all types of goods and services brought into the country, including

raw materials, finished goods, and various services such as transportation, tourism, and intel-

lectual property rights. It serves as a crucial component of a nation’s balance of payments and

reflects the level of international trade and economic integration (The World Bank, s.d.).

6.13 Export goods and services

Export of goods and services refers to the commercial activity of selling products and services

produced within a country to customers located in other countries. Exporting goods and services

is an essential component of international trade and contributes significantly to a country’s

economic growth, employment opportunities, and overall prosperity (The World Bank, s.d.).

6.14 Money Supply

In summary, M1 represents the most liquid assets, M2 includes additional less liquid assets,

and M3 is the broadest measure of money supply, encompassing all forms of money and liquid

assets. For each money supply variable, we are utilizing the variation in their values to better

align them with our mathematical model.

6.14.1 M1

M1 refers to the narrowest measure of money supply, encompassing the most liquid forms of

money. It includes physical currency (such as coins and paper money) in circulation, demand

deposits (checking accounts), and other liquid assets that can be quickly converted into cash

(The investopedia team, 2023).

6.14.2 M2

M2 is a broader measure of money supply than M1. It includes all components of M1, as

well as savings deposits, time deposits (such as certificates of deposit or CDs) with a value of
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less than $100,000, and money market mutual funds held by individuals (The investopedia team,

2024).

6.14.3 M3

M3 is the broadest measure of money supply and includes all components of M2, plus large

time deposits (those with a value of $100,000 or more), institutional money market funds, and

other large liquid assets (Chen, 2023).
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7 Relationship between variables

7.1 Bivariate regression

Bivariate regression serves as a useful method in assessing the significance of variables in cri-

sis measure. In our research, we draw upon methodologies advocated by Frankel and Saravelos

(2012), whose framework hinges on identifying key indicators such as the nominal local currency

percentage change against the US dollar, equity market returns, GDP, industrial production,

and recourse to IMF financing. These indicators serve as barometers for measuring crises.

Our statistical approach entails conducting bivariate regressions utilizing these key indica-

tors as dependent variables and various independent variables, predominantly macroeconomic

in nature, that are closely associated with financial crises.

We proceeded to perform bivariate regressions utilizing four key indicators: CPI, GDP, the

nominal local currency percentage change against the US dollar, and industrial production.

These selections were made in alignment with the indicators utilized by Frankel and Saravelos

(2012).

The detailed bivariate regression tables for each country are available in the appendices (see

Appendix B.2).

7.1.1 Dependant variables

• CPI (Consumer Price Index)

• GDP (Gross Domestic Product)

• Nominal local currency percentage change against the US dollar (Ex rate)

• Industrial production (IP)

7.1.2 Independent variables

• Long-Term Interest Rate (IR LT)

• Short-Term Interest Rate (IR CT)

• M1

• M2



29

• M3

• Balance of Payments: Current Account

(BoP)

• Reserves (Res)

• 3-Months U.S Treasury Bill (3M)

• 10-Year U.S Treasury Securities (10Y)

• M2/Reserve (Multi)

• Import (Imp)

• Export (Exp)

7.2 Bivariate regression results

Three dimensions need to be considered. The first dimension concerns the statistical signifi-

cance of the test, indicated by the t-statistic. The t-statistic measures the size of the regression

coefficient relative to the standard error of the estimate. For a 95% confidence level, the absolute

value of the t-statistic must exceed 1.96 for the test to be considered significant and for the null

hypothesis, which states there is no significant relationship between the variables, to be rejected.

Below this threshold, the null hypothesis cannot be rejected, and while the coefficient may not

necessarily be poor, it cannot be considered significant.

Therefore, to confirm significance, attention should be directed to the p-value of the inde-

pendent variable.

For each country, a comprehensive table has been constructed, detailing the regression results

for the four dependent variables. These tables include the coefficients of the estimated indepen-

dent variables alongside their respective t- values. To aid in interpretation, a color-coding system

has been employed to signify the significance level based on the p- value.

If no color is indicated, it means that the variable is not deemed significant. Green highlight-

ing denotes significance at an alpha level of less than 0.05, while a combination of green and

yellow signifies significance at an alpha level of less than 0.01, indicating high significance.

Notably, a significant portion of the independent variables demonstrate significance at the

0.01 level. This observation instills confidence in the reliability and usability of our dataset,

suggesting its robustness in capturing meaningful relationships within the analyzed context.
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The second dimension entails examining the signs of the coefficients. It is evident that

while many coefficients vary inconsistently between countries. However, we notice that the most

significant variables (alpha <0.01) tend to have positive coefficients. In other words, as the

independent variable increases, the dependent variable also tends to increase. This positive as-

sociation suggests that changes in the independent variable are associated with corresponding

changes in the dependent variable in the same direction.

The final dimension pertains to regression coefficients, which indicate the strength of the re-

lationship between two variables. The regression coefficient measures the proportion of volatility

in the dependent variable explained by the independent variable. For instance, the regression

coefficient of CPI as a function of Long-term Interest Rate for Brazil is 0.1717, indicating that

in our sample, an increase of 1% in the Long-term Interest Rate results (all else being equal) in

a 0.1717% increase of the CPI.

Below is a table representing regression results for Brazil, highlighting the significance of

independent variables:

Figure 2: Results of bivariate analysis for Brazil

Upon reviewing all the regressions and analyzing their results, our initial conclusion is that

we encountered a data issue. In order to maintain a consistent sample size, we had to input

zeros for missing data, which in turn introduced bias into our coefficients. Taking the example

of Finland, Greece or Japan, we found insufficient information regarding variables CPI En-

ergy, M3, and short term interest rate. It is evident from the results (where green cells indicate

significance with a p-value <0.05) that variables with incomplete information are not significant.
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Figure 3: Results of bivariate analysis for Finland

Figure 4: Results of bivariate analysis for Greece

Figure 5: Results of bivariate analysis for Japan

What is important to grasp initially is that the data are biased. This leads us to make a

decision regarding the significance of the data. The question becomes: which variables should

we consider, given that they are significant for some countries but not for others ? We have

chosen to retain the data if it is significant for more than 40% of the countries. Additionally, we

will adapt our logistic estimation model based on how the model reacts to biased variables.

We noticed that most of the variables showed significant regression results . Firstly, because

we managed to gather data for these variables, and more importantly, they are reliable. We had

the intuition that these variables would have an impact given their importance in the overall

macroeconomy.

In our analysis, we observed that one independent variable was not consistently significant.

Therefore, we decided to remove it from our crises indicators. This variable is imports.
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We will consider the remaining variables significant for our model. It is important to note

that the sample size is relatively small, and a larger sample would likely lead to better coefficient

significance.

7.3 Correlation Analysis

We are now going to analyse the correlation matrices of the variables for each country in-

cluded in our empirical research. It is important to have an initial understanding of the strength

and direction of the relationships between variables for the future of our study. Indeed, the

Pearson correlation quantifies the degree to which different variables are linearly related. Each

coefficient ranges from -1, implying a perfect negative correlation, to +1, meaning a perfect

positive correlation. A coefficient equal to 0 implies no linear correlation (Turney, 2022).

To visually interpret these relationships, we will utilize heatmaps. These diagrams are par-

ticularly effective in highlighting the degrees of correlation among variables. The detailed cor-

relation matrices for each country are available in the appendices (see Appendix B.2).

It is important to note that some entries in the matrices might be marked as ’NA’, represented

by grey sections in the heatmaps. These indicate missing data for variables that are not available

for certain countries.

Figure 6: Heatmap for Argentina Figure 7: Heatmap for Brazil

Argentina does not show very strong correlations between any of its variables. However,

we can notice some moderate positive correlations between M2/reserves and the money supply
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(M2) and a negative moderate correlation between M2/reserves and the reserves. Brazil shows

a robust positive correlation between all types of money supply (M1, M2, M3) and M2/reserves.

Figure 8: Heatmap for Finland Figure 9: Heatmap for Greece

Finland does not show any strong correlations between its variables. However, we can see a

moderate negative relationship between the 3-Month Treasury Bill and the 10- Year Constant

Maturity. Additionally, we notice a moderate positive correlation between the CPI and reserves,

and the CPI energy with the exchange rate. Greece shows that GDP and the long-term interest

rate are negatively correlated. GDP is also moderately positively correlated with industrial

production, the exchange rate, and the 3-Month Treasury Bill.

Figure 10: Heatmap for Japan Figure 11: Heatmap for Mexico

Japan shows strong relationships between M2/reserves and the reserves and the exchange

rate. There also is a negative correlation between the reserves and M2/reserves and the exchange

rate, and a positive correlation between M2/reserves and the exchange rate. Mexico shows
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a negative correlation between M2/reserves and reserves, similar to Japan. Additionally, we

observe robust positive correlations between all the money supplies (M1, M2, M3).

Figure 12: Heatmap for Poland Figure 13: Heatmap for Portugal

Poland shows a positive correlation between the narrow (M1) and broad money supply (M3),

and a negative correlation between the reserves and M2/reserves. Portugal does not show any

strong correlation between its variables.

Figure 14: Heatmap for South Africa Figure 15: Heatmapfor Spain

South Africa and Spain show strong negative correlation between the reserves and the

M2/reserves, and positive correlations occur between M1, M2, M3.
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Figure 16: Heatmap for Turkey Figure 17: Heatmap for USA

For the United States, no strong or robust correlation have been detected. However, Turkey

follows a pattern similar to Mexico and Japan with a negative correlation between M2/reserves

and reserves, and positive correlations across money supplies.

7.4 Multicollinearity

In the following section, we assess the presence of multicollinearity among variables. Multi-

collinearity occurs when there is a significant correlation between two or multiple independent

variables. In other words, it allows one variable to be linearly predicted from the others. This

condition complicates the analysis by hiding the individual impacts of independent variables on

the dependent variable (Bhandari, 2024).

To detect the presence of multicollinearity, we will use the Variance Inflation Factor (VIF)

method. The VIF measures how much the variance of an estimated regression coefficient is

increased due to correlations among variables. It is calculated as:

V IF =
1

1−R2

where R2 is the coefficient of determination from regressing the CPI variable on all the other

variables. A VIF exceeding the threshold, which is set at 10, indicates significant multicollinear-

ity. This suggests a potential need to reconsider the inclusion of the affected variables (Shrestha,

2020).
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We examined the results of the VIF tests conducted on all variables across each country.

Below, you will find graphs describing the levels of correlation. For countries where no significant

correlations were detected, the corresponding graphs are included in Appendix B.3.

Figure 18: Multicollinearity for Japan Figure 19: Multicollinearity for Mexico

Figure 20: Multicollinearity for Brazil Figure 21: Multicollinearity for Spain
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Figure 22: Collinearity for South Africa Figure 23: Multicollinearity for Turkey

From the results obtained, it is evident that most variables do not show any multicollinearity.

However, some exceptions have been identified in variables within six out of twelve countries:

Brazil, Japan, Spain, Mexico, South Africa and Turkey. In each of these countries, Money Sup-

ply (M2) consistently shows signs of multicollinearity.

Additionally, we notice that the multicollinearity for each country remains more or less the

same. Indeed, the broadest money supply (M3) appears highly correlated for Brazil, Mexico,

and Turkey. The reserves are multicollinear in Japan, Brazil, and South Africa. Finally, the

M2/Reserves shows multicollinearity in South Africa, Japan and Brazil. Spain stands out with

M1 as the only significantly correlated variable unique to it.

Our findings suggest that the presence of multicollinearity is highly prevalent in variables

that are related to money supply. This is likely due to their inter-correlated nature of the vari-

ables.

Despite these findings, we have decided to maintain the variables that showed multicollinear-

ity for two reasons. Firstly, multicollinearity is not prevalent in most of the countries, which

means removing these variables could unnecessarily bias the model for other countries. Secondly,

we have seen in the bivariate regression that they are strongly significant. Detailed VIF values

can be found in Appendix B.4.
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8 EWS dynamic model

In this next section, we have modeled the probability of occurrence of a financial crisis.

After having done the modeling, then we proceeded with a specialization model that helped in

identifying the most relevant variables for each type of financial crises.

8.1 Dichotomous Variable

We needed to first construct a dichotomous variable, that is, a binary variable which takes

value 1 if a crisis is taking place, and 0 if otherwise. That binary variable is, now, our dependent

variable in the logistic estimation model.

We will use the database of Nguyen et al.(2022) to create our binary variable Y (the database

can be found in the appendix C.1). We have the data for every year in which a crisis of a given

type occurred for the whole panel of countries from his database. Of course, we will focus on

the countries we have chosen.

That said, to simplify our database and transform our dichotomous variable into the same

frequency as our other variables, we are making the hypothesis that if a crisis had taken place

in some year, it was within each quarter of that year, so that we had quarterly data instead of

annual data. In other words, our binary variable equals 1 for all four periods for each year that

a crisis occurred for a given country, and 0 otherwise. We have created a dichotomous variable

for debt, currency, and banking crises for each country.

8.2 The logit model

In our study, once we had defined a binary response variable, we used a logistic estimation

model to estimate the probability of the dependent variable being equal to 1, based on the

independent variables (X), which are included in our model. Remember that, as it has been

indicated above, the logistic estimation model is estimated as:

P (Y = 1) =
1

1 + e−(β0+β1X1+...+βkXk)

This equation models an underlying latent tendency Y ∗, which determines the binary out-
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come.

While Y ∗ itself is not directly observed, it conceptually represents the linear combination of

predictors and a logistic error component that affects the probability of occurrence of the event

(Bartolucci, and Farcomeni, 2009). The logistic function transforms this linear combination into

a probability that lies between 0 and 1.

8.3 Specification model

Previously, we have defined all our dependent and independent variables and implemented

our logistic estimation model. In this particular section, our aim is to look for the key and most

effective variables to help us know and predict if a crisis is taking place or not.

For this purpose, we decided to use the model’s specification or the stepwise regression

method. The basic idea is pretty simple: we have proceeded in a backward elimination, meaning

we have started with the logistic estimation model containing all of our variables, then removed

the least significant one at a time until all the included variables are statistically significant.

Different criteria exist to check the significance, such as ROC, P-value, or AUC. However,

we have decided to use the P-value criterion, as it is the one we are most familiar with. Hence,

at each step, we remove the variable with the highest P-value until all remaining variables have

a P-value of less than or equal to 0.05, at which point they are considered statistically significant.

We should, however, be aware that some variables were not available for certain countries, so

our results may be slightly biased. Moreover, there were some cases where our model performed

better, meaning a higher R2 score and graphically better outcomes, if we considered some non-

significant variables.

Once we have identified, for each country, the most significant variable depending on the

crisis, we calculated how many times that variable is significant overall. We can then make a

generalization, from there, actually stating which is the most effective variable, based on the

crisis.
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8.4 Results

The basis of our work is to determine which variables are the most significant and, therefore,

should be included in our Early Warning System (EWS) model, depending on the type of crisis.

Before conducting our tests, we hypothesized that the significant variables would vary according

to each type of crisis. Our objective was to identify patterns where one or more variables

consistently recurred.

As previously mentioned, the primary criterion for variable significance is the P-value. Our

methodology involves progressively removing variables that do not demonstrate statistical sig-

nificance. During this process for each country and type of crisis, we constructed three distinct

matrices—one for each type of crisis. These matrices include the countries and variables, along-

side a binary indicator that specifies whether a particular variable X for country Y is significant

in our model for that type of crisis.

From this data, we were then able to ascertain how frequently each variable was significant

across the different scenarios.

8.4.1 Currency crises

We are now going to analyze the results for the currency crisis. The significance matrix can

be found below.

Table 2: Significance matrix

Currency CPI CPIE LT CT GDP M1 M2 M3 BOP EX R RES IP 10Y 3M Multi EXP
Argentina 0 0 0 0 0 1 0 0 0 0 1 0 0 1 1 0
Brazil 0 0 1 0 0 0 1 0 0 0 1 1 1 0 0 1
Greece 0 1 1 0 0 0 0 0 0 0 0 1 0 0 0 0
Mexico 0 1 1 1 0 0 0 0 0 0 0 0 1 1 0 0
Poland 0 1 0 1 0 0 0 0 0 1 0 0 0 1 0 1
Portugal 1 0 0 0 0 0 0 0 0 1 0 1 0 0 0 0
South Africa 1 0 0 0 0 0 0 0 0 1 0 0 0 1 0 1
Spain 0 0 0 1 0 0 0 0 0 0 0 1 0 1 0 0
Turkey 1 1 0 1 0 0 0 0 1 1 0 0 0 0 1 0
Sum 3 4 3 4 0 1 1 0 1 4 2 4 2 5 2 3

If we look at the results, we can notice that the variable which seems to have been the most

significant across all the different countries is the 3-Month Treasury Bill. We also notice that

the broadest money supply (M3) has never been significant. This is no big surprise as M3 was

rarely significant in the bivariate regressions, while the 3M Treasury Bill was significant 26 times

over 39.
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We can also notice that the industrial production, the exchange rate, the CPI energy, and

the short-term interest rate were the variables where the significance was just below the highest.

In order to better understand if there is a real link between the occurrence of crises and the vari-

ables we will plot the dichotomous variable against a few significant variable to better visualize

the link.

Figure 24: Exchange rate vs Currency crises
for South Africa and Brazil

By looking at the dates where a crisis had
happened and the exchange rate, we can
clearly see a pattern. There is a peaking
trend when a crisis had happened in the
exchange rate. For example, during the
2015 crisis, we can observe the highest
peak for the South African exchange rate
and a slight increase for Brazil.

For this graph, we set Turkey’s interest
rate on the secondary axis for better visu-
alization and interpretation. For Spain, in
1982, the short-term interest rate was at
its highest, and a currency crisis occurred
at that moment. For Turkey, between 1992
and 2002, the dichotomous variable follows
a similar trend as the interest rate. When
the interest rate peaked or was relatively
high, a currency crisis occurred.

Figure 25: Short term interest rate vs Currency crises
for Turkey and Spain
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Figure 26: CPI Energy vs Currency crises for Mexico and Turkey

Compared to the previous graph, it is a little harder to identify any pattern between crisis

occurrence and the CPI Energy variable. Let us be aware that before 1994, CPI Energy data

was not available for Turkey, so it does not appear on the graph. We notice, however, that

CPI energy indicates a peak for most of the crises that had taken place. For the multiple crises

occurring in Turkey between 1995 and 2002, we find that CPI Energy follows the same pattern,

meaning that it goes up and down, and each time the level of the CPI is high, a crisis took place.

Below are the dynamic EWS models for Poland and Greece, here we can see that the model

has a better accuracy for Poland that for Greece. The graphs and the results of the logistic

estimation model for the remaining countries can be found in Appendix D.1.

Figure 27: Logit Estimation for Poland Figure 28: Logit Estimation for Greece
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8.4.2 Banking crises

Below is the matrix we created using our logistic estimation model for the banking crises. Our

tables show that the 10 Year U.S Constant Maturity variable outperforms the other variables.

This variable was significant 9 times our of 11.

Table 3: Significative matrice

Currency CPI CPIE LT CT GDP M1 M2 M3 BOP EX R RES IP 10Y 3M Multi EXP
Argentine 1 0 0 0 0 1 0 0 1 0 0 0 1 1 0 1
Brazil 1 0 0 1 1 0 0 0 1 1 0 0 1 1 1 0
Finland 1 1 1 1 1 0 0 0 1 0 1 1 1 1 0 1
Greece 0 0 1 1 0 0 0 0 0 1 0 0 1 0 0 0
Japan 0 0 0 1 0 0 0 0 1 1 0 1 1 0 0 0
Mexico 1 0 0 0 0 1 1 1 0 0 0 0 0 0 1 0
Portugal 0 0 1 1 1 0 0 0 1 0 0 0 1 1 0 0
Poland 1 1 0 0 0 0 0 0 0 1 0 0 1 0 1 1
Spain 0 0 1 0 1 1 0 0 0 1 1 0 1 0 1 0
Turkey 1 1 0 0 1 0 0 0 0 1 0 1 0 1 1 1
USA 0 1 0 1 0 0 0 0 0 0 1 0 1 1 0 0
Sum 6 4 4 6 5 3 1 1 5 6 3 3 9 6 5 4

We will concentrate on the latter. Below you will find a graph with 10 Year U.S Constant

Maturity and banking crises for 3 countries (Greece, Portugal and Brazil).

Figure 29: Banking crises (Greece, Portugal and Brazil) with 10 Year constant maturity

We can clearly see a pattern emerging. As far as the 2008 crises is concerned, the period

of low yields on 10-Year Constant Maturity prior to 2008 contributed to a credit boom and

an underestimation of financial risks. Rising yields highlighted the weaknesses of banks and

financial institutions with high exposure to the property market. Higher mortgage rates led to
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an increase in defaults and foreclosures, which reduced the value of mortgage-backed securities

(MBS) held by many banks. The loss in value of these assets led to a liquidity and solvency

crisis. The effect of this was so great that it had an impact on European countries during this

period. We can also see that we have the same pattern with Brazil. A fall in the rate before the

crisis and a rise during it.

In 1989, inflation in Brazil was extremely high, prompting the government to adopt economic

stabilisation measures. These measures included the liberalisation of prices and exchange rates,

as well as a series of monetary stabilisation plans. However, these actions initially failed to

control inflation, leading to a loss of confidence in the banking system.

As the economic situation worsened, investors demanded higher yields to compensate for the

increased risk, leading to a rise in long-term interest rates, including those on 10-Year. This rise

in rates exacerbated the banking crisis because it increased the cost of financing for banks and

businesses, leading to a spiral of defaults and bankruptcies.

In the matrix we note that 3 other variables stand out for their number of times they were

significant. In fact, the variables are short term interest rate, Exchange rate and 3 Month U.S

Treasury Bill.

We will be focusing on the short term interest rate and the 3-year U.S. Treasury bill. For

the following 3 countries: Portugal, Greece and USA (the short term interest rate is the same

for Greece and Portugal as they are both in the euro zone). The curves of both variables are

clearly similar. The short term interest rate follows the same pattern but with a lag of around

1 year. This lag can also be seen in relation to the recession period.
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Figure 30: Banking crises (Greece, Portugal and USA) with 3 Year U.S treasury bill and Euro
short term interest rate

A low rate for 3-month Treasury bills or short term rate reflects strong demand for safe

assets. This means that investors are fleeing risky assets, which can exacerbate the liquidity and

solvency problems of financial institutions, thereby increasing the risk of banking crises.

Banks often rely on a rising yield curve to borrow at short-term rates and lend at long-term

rates, taking advantage of the spread between the two. When short-term rates are very low and

long-term rates do not follow, banks’ interest margins fall, which affects their profitability. A

fall in profitability can lead to a fall in confidence and perceived solvency, contributing to the

risk of a banking crisis.

Below are the dynamic EWS models for Greece, Portugal, Brazil, and the USA. As we can

observe, for these four countries, the probability of occurrence is high when a crisis happened and

remains low when no crisis occurred, except for the USA, where some peaks appear randomly.

The results and graphs for the other countries can be found in the Appendix, referenced as D.2.
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Figure 31: Logit Estimation for Brasil Figure 32: Logit Estimation for Greece

Figure 33: Logit Estimation for USA Figure 34: Logit Estimation for Portugal

8.4.3 Debt crises

Below is the matrix we created using our logistic estimation model for the debt crises. Our

tables show that the exchange rate outperforms the other variables. This variable was significant

for 7 countries over a total of 8. We can also observe that the CPI, 10-YearConstant Maturity,

3-Month Treasury Bill and the exports was significant in more than half the countries.

Table 4: Significative matrice

Currency CPI CPIE LT CT GDP M1 M2 M3 BOP EX R RES IP 10Y 3M Multi EXP
Argentine 1 0 0 0 1 1 0 1 1 1 0 0 1 1 0 1
Brazil 1 0 0 0 0 1 0 1 1 1 0 0 0 0 1 0
Greece 0 0 1 0 0 0 0 0 0 1 0 0 1 1 0 0
Mexico 1 1 1 0 1 0 0 0 0 1 0 0 1 1 1 1
Portugal 0 1 1 1 1 0 0 0 0 1 0 1 1 0 0 1
Poland 1 1 0 0 0 0 0 0 0 1 0 1 1 1 0 1
South Africa 0 0 1 0 0 0 0 0 0 1 0 1 0 1 1 0
Turkey 1 0 0 0 1 0 0 0 1 0 0 1 0 0 0 1
Sum 5 3 4 1 4 2 0 2 3 7 0 4 5 5 3 5

To better visualize the link between crisis occurrences and significant variables, we will plot
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some of the significant variables against the binary dichotomous variable.

Figure 35: Exchange rate vs debt crises in South
Africa, and Turkey

In the graph on the left, we can notice
that, in South Africa, a debt crisis hap-
pened when the exchange rate was increas-
ing, and about to reach a peak. Turkey
follow a similar pattern but with a smaller
amplitude of movement.

Figure 36: CPI vs Debt crises in Brazil and Poland

From the graph on the above, we can understand that there is a link between the debt crisis

and the country’s CPI. Indeed, we observe that the Brazilian crisis started concurrently with an

upward trend in the CPI. The crisis nearly ended when the CPI returned to its initial value. In

the case of Poland, further verification is needed due to the absence of recorded CPI data before

1989. However, it is evident that the highest peak in CPI occurred during the debt crisis, and

by the time the crisis had ended, the CPI had already decreased significantly.
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Figure 37: 10-year constant maturity for Greece,
South Africa and Turkey

Here, we can state that most of the time, a
debt crisis happened right before the 10Y
Constant Maturity peaked. Indeed, this
was the case for Turkey and South Africa
in 2001 and 2008, and for Greece in 2011.
However, we can also observe some crises
that occurred during the downward trend
in 2015 and 2018.

Below are the dynamic EWS models for Brazil and South Africa. We can observe that the

probability results from our model align accurately with the occurrence of crises. The results

and plots for the remaining countries can be found in Appendix D.3.

Figure 38: Logit Estimation for Brazil
Figure 39: Logit Estimation for South
Africa
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9 Forecast financial crises

Once we have analysed all the probabilities of occurrence for each type of crisis, we thought

that it would be interesting to forecast that probability and have a look into the future.

However, since our variables data stops in 2019, we have decided to forecast up until 2029.

As we are already in 2024, this will allow us to see if our model can accurately predict the recent

years. It is important to be aware that the recent years have been unusual due to the COVID-19

crisis which, initially, is a health crisis that had important impacts on the economy. Therefore,

it would not be surprising if our model fails to predict any crises for that period.

To forecast the probabilities, we decided to linearly predict the variables that were significant

previously. We began by performing a linear regression of the probabilities we obtained with the

logistic estimation model against the latest values of all significant variables. Once we had the

linear model, we predicted the variables independently using the predict function in RStudio.

We set our confidence interval at 95% and decided to forecast 40 values. In order to determine

whether a currency crisis would occur, we had to set a threshold. Although there are methods

such as the Accuracy Measure (AM) or the Credit-Scoring Approach (CSA) for choosing the

optimal threshold, we encountered difficulties in implementing these methods. Therefore, we

decided to set a threshold for each country based on the probability level of previous crises that

occurred in those countries.

9.1 Currency crises forecast

To forecast the probability of a currency crisis occurring, we included the five most significant

variables from the previous section in our forecasting model: CPI Energy, Short-term Interest

Rate, Industrial Production, Exchange Rate, and the 3-Month U.S. Treasury Bill. These vari-

ables were available for most of the countries we analyzed, except for Argentina, Brazil, and

Mexico. For Argentina, we could only use two variables: the Exchange Rate and the 3-Month

Treasury Bill. For Mexico and Brazil, we excluded CPI Energy from the analysis.

Below, you can find the plot representing the forecasts of the probability for a currency crisis

to occur in South Africa and Brazil. The graphs for the other countries are available in Appendix
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E.1.

Figure 40: Currency crises Probability for
South Africa

Figure 41: Currency crises Probability for
Brazil

Looking at the graphs, we can observe that our model forecasts currency crises for South

Africa and Brazil. The results for South Africa are somewhat unusual, as the predicted currency

crisis stops just before the peak. However, we can see that the probability of our model for

earlier crises also peaks right after the crisis. For Brazil, our model forecasts a currency crisis

from 2020 to 2023 and another from 2026 to 2029. We will conduct a deeper analysis of the

results for Brazil in the following section.

9.2 Banking crises forecast

We have forecast the probability of a banking crisis to take place. To do so, we have followed

the same process as for the currency crises. We included the most significant variables we found

previously, being CPI, Short-Term Interest Rate, Exchange Rate, 10Y Constant Maturity and

3- M Treasury Bill. Nevertheless, for Argentina we had to exclude the short-term interest rate

as it is not available.

The graph showing our forecast is below for Portugal and Brazil, the other countries’ graphs

can be found in the appendix E.2.
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Figure 42: Banking crises Probability for Por-
tugal

Figure 43: Banking crises Probability for
Brazil

Our forecasting model does not predict any banking crises for either Portugal or Brazil.

In Brazil, the trend remains relatively low and constant, with minimal variation. Therefore,

according to our forecasting model, no banking crises are expected in the future. However, we

can see some alarming spikes in Portugal. It is surprising that our model does not predict a crisis

during these spikes. Thus, it could be beneficial for the country to be aware that the probability

of a crisis is increasing around 2025, even though our model does not currently predict any

banking crises.

9.3 Debt crises forecast

For the Debt crises occurrence probability, we have included in our forecasting model the

Exchange Rate, CPI, 3-Month Treasury Bill, 10-Year Constant Maturity and the Export.
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Figure 44: Debt crises Probability for Mex-
ico Figure 45: Debt crises Probability for Greece

rom the graphs, we observe that our model predicts a debt crisis in Mexico starting in

2024 and continuing until 2029. However, we find these results surprising, as Mexico has not

experienced a debt crisis since 1990, and the probability levels remain relatively low, but similar

to those during the 1982 crisis. For Greece, despite experiencing a couple of debt crises quite

recently, our model does not predict any debt crises in the future

9.4 Forecast model evaluation

In this section we will evaluate our forecast model, in order to have an idea on whether or

not it is reliable. To do so we will use the 3 most common methods : MAE, MSE, RMSE. The

MAE calculates the mean of the differences between the predicted values and the actual values.

The MSE calculates the average of the square differences between the actual and predicted

values. The RMSE, is the square root of the MSE. The results for the banking and currency

crises forecast are below, the ones for the debt crises forecast can be found in the appendix E.4.
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Table 5: Evaluation metrics for bank-
ing crises forecasts

Bank MAE MSE RMSE
Brazil 0.049 0.004 0.062
Finland 0.008 0.000 0.010
Greece 0.084 0.015 0.124
Japan 0.023 0.001 0.028
Mexico 0.035 0.002 0.044
Poland 0.012 0.000 0.019
Portugal 0.083 0.015 0.121
Spain 0.083 0.013 0.113
Turkey 0.032 0.001 0.037
USA 0.104 0.028 0.167
Argentine 0.041 0.003 0.052
Average 0.050 0.007 0.071

Table 6: Evaluation metrics for currency
crises forecasts

Currency MAE MSE RMSE
Greece 0.023 0.001 0.028
Poland 0.069 0.006 0.081
Portugal 0.022 0.001 0.027
South Africa 0.030 0.002 0.043
Turkey 0.030 0.001 0.038
Spain 0.012 0.000 0.013
Brazil 0.064 0.006 0.074
Mexico 0.026 0.0008 0.028
Argentine 0.031 0.001 0.037
Average 0.046 0.005 0.058

For the banking crises forecast, we notice that our model show an reasonable level of accu-

racy with the MAE and RMSE, on average, being around 5% and 7%. For the currency crises,

the results are, overall, slightly better, with the MAE and RMSE being both around 5%. hese

results are surprising, as we observed that the forecasts for the currency crises were sometimes

strange.

However, we notice a strong variability across different countries, which can be explained by

the lack of data for certain countries or the quality of the data as well. For example, the MAE,

for the banking crises, ranges from 0.008 (Finland) to 0.104 (USA) and from 0.010 (Finland) to

0.167 (USA) for the RMSE. This variability gives us an indication that the model performs well

for some countries but less well for others, which is an indicator of unreliability.
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10 Brazil analysis

We have decided to conduct a more thorough analysis of Brazil for two reasons. First, Brazil

has experienced each type of crisis we are analyzing in this research. Additionally, we have access

to almost all the necessary variables for Brazil (except for CPI Energy), although some were not

usable for logistic estimation (e.g., M2).

For a bit of history, Brazil has endured oil shocks and severe inflation, leading to financial

crises. Particularly during the 1980s and 1990s, Brazil faced several currency, debt, and banking

crises. In 1993, Brazil implemented the ’Real Plan’ to achieve stability and growth. While this

plan did not prevent other crises from occurring, no further debt crises have occurred since the

year following its introduction (Rigolon and Giambiagi, 1999).

We will now have a look at the results we found when we conducted our logistic estimation

and forecast on the occurrence of a currency, debt, or banking crisis.

Figure 46: Probability of occurrence of a currency crisis in Brazil

From the graph, we can see that for currency crises, our model shows peaks when crises

occur. However, entering the 21st century, it is clear that the accuracy of our probabilities is

much lower than in previous years, and the probability peaks slightly after the beginning of the
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crisis.

Figure 47: Probability of occurrence of a bank-
ing crisis in Brazil

Figure 48: Probability of occurrence of a debt
crisis in Brazil

Our model for both banking and debt crises performs reasonably well. Indeed, for the bank-

ing crisis that occurred between 1990 and 1998, we can see that the probability reaches almost

1 at the start of the crisis, but the probability declines as we approach the end of the crisis.

Regarding the debt crisis from 1983 to 1994, we observe that the probability closely follows the

occurrence of the crisis, even though it shows a strange dip around 1987.

Lets have a look at the forecast of the occurrence of a financial crisis in Brazil.

Figure 49: Probability of occurrence of a bank-
ing crisis in Brazil

Figure 50: Probability of occurrence of a debt
crisis in Brazil
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Figure 51: Probability of occurrence of a currency crisis in Brazil

We observe that our model does not predict any future banking crises; we also observe that

our probability forecasts remain quite stable. We can see that our model predicts a long debt

crisis starting in 2022 and continuing until 2029. This is quite surprising, as no debt crisis has

taken place since 1994. However, as our model takes into account the probability of previous

crises, it makes sense that it would predict one. For the currency crisis prediction, our model

anticipates two crises: one starting in 2020 and ending in 2023, which could be linked to the

COVID-19 crisis, but according to us, it is unlikely as that crisis originated in the health sector.

Our model also predicts a crisis in 2026, but the probability is quite low. However, we note

that the Brazilian currency is unstable and has suffered from several crises, therefore, it is not

surprising to expect future currency crises.
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11 Limitations

During our empirical research, we encountered several difficulties, and we will now discuss

the limitations we faced.

One of our initial challenges was selecting variables. Since we were exploring three types of

crises using the same database, deciding which variables to include was difficult. Due to limited

knowledge about each variable’s impact, we opted for variables most commonly referenced in

the literature.

Then, to construct our dichotomous variables, we needed to find data detailing the dates of

crisis occurrences in the countries of interest. Although we utilized the Nguyen et al. (2022)

database, which provides annual data, we converted it to quarterly data by assuming that if a

crisis occurred in a given year, it persisted throughout all four quarters. This transformation

may have introduced errors in our model, as a crisis might not have affected every quarter.

Additionally, the quality of the data we used for our variables was questionable, and find-

ing complete and appropriate data was challenging. First, some variables were unavailable for

certain countries (e.g., CPI Energy for Brazil). Second, inconsistencies in data lengths and

sizes presented issues. Finally, some datasets contained missing values. To resolve data issues,

we standardized all datasets by replacing missing values with zeros to ensure uniformity across

countries.

During the implementation of our EWS model, particularly in the general to specific phase,

we realized there were many criteria we could have considered to identify the most significant

variables (e.g., ROC, AUC). We chose to use P-value, as it was the most familiar and understood

criterion. However, by the end of this thesis, we recognized it might not have been the most

relevant or reliable criterion. For future research, we recommend using more accurate criteria.

Finally, we frequently encountered coding issues, with the determination of an optimal thresh-

old being one of the most impactful. We had to set the threshold for each country based on

previous crises.
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Conclusion

The aim of our master’s thesis was to identify the most significant variables to include in a

dynamic Early Warning System (EWS) based on the type of financial crises, in order to create

the best fitting model. Our empirical research covered 12 countries and tested 16 different vari-

ables.

The key findings of our research indicate that for currency crises, the most significant vari-

ables are CPI energy, the short-term interest rate, the exchange rate, industrial production, and

the 3-Month Treasury Bill. For banking crises, the crucial variables include the exchange rate,

CPI, short-term interest rate, 3-Month Treasury Bill, and, most importantly, the 10-Year Con-

stant Maturity. For debt crises, the key variables are the exchange rate, CPI, 10-Year Constant

Maturity, and the 3-Month Treasury Bill.

We observe that significant variables remain relatively similar across all three types of crises.

Notably, the 3-Month Treasury Bill and the exchange rate are significantly important for all

three types of crises.

Our forecasting model predicted a few debt and currency crises for the future, especially

for South American countries (Brazil, Mexico, and Argentina). However, no significant banking

crises have been predicted.

By incorporating the identified variables into EWS models, policymakers and financial insti-

tutions could better anticipate and mitigate the impacts of potential financial crises.

Future research should focus on enhancing data collection and including additional variables

in the study. Moreover, future studies should expand the analysis to include more countries and

broader economic contexts, providing a more detailed understanding of the behavior of the key

drivers of financial crises.
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Appendix

A Second generation crises

A.1 Philips Curve

y =
−
y + α(ε− εe)− u (1)

where

ε− εe = output gain from the unexpected devaluation

u = negative supply shock

εe = expectation in the change of exchange rate ε

−
y = natural output level

A.2 Loss function minimization

MinεL(.) =
∂L(.)

∂ε
(2)

⇔ 2α[(
−
y − y∗) + α(ε− εe)− u] + 2βε = 0

⇔ α(
−
y − y∗) + α2(ε− ε2)− αu+ βε = 0

⇔ ε =
α(y∗ − −

y + u) + α2εe

α2 + β
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A.3 Equilibrium second generation crises

E(ε) = P (u < u
−
) E(ε|u < u

−
)︸ ︷︷ ︸

A

+

C︷ ︸︸ ︷
E(ε|u > −u) P (u >

−
u)+P (u ∈ u

−
;
−
u) E(ε|u

−
< u <

−
u)︸ ︷︷ ︸

B

(3)

(A1) :P (u < u
−
) =

u
−
+µ

2µ

A(2) :E(ε|u < u
−
) =

α(y∗−−
y+α2εe)+αE(u|u<u

−
)

α2+β

B = 0 because E(ε|u
−
< u <

−
u) = 0

C(1): P (u >
−
u) = µ−−

u
2µ

C(2) :E(ε|u >
−
u) = α

α2+β
[y∗ − −

y + αεe] + α
α2+β

µ+
−
u

2

For the first equilibrium we need to sum A(1)× A(2) + C(1)× C(2)

E(ε) =
α

α2 + β

{
[y∗ − −

y + αεe][1 +

−
u− u

−

2µ
] +

−
u2 − u2

−

4µ

}
For the second equilibrium we need focus only on C(1)*C(2)

E(ε) = (
µ− −

u

2µ
)(

α

α2 + β
)[(y∗ − −

y + αεe) +
µ− u

−

2

The third is dedicated to the pure float:

E(ε) =
α

α2 + β
(y∗ − −

y + αεe) E(u) = 0
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B Relationship between variables

B.1 Bivariate regression

Figure B.1: Results of bivariate analysis for Argentina

Figure B.2: Results of bivariate analysis for Finland

Figure B.3: Results of bivariate analysis for Greece

Figure B.4: Results of bivariate analysis for Japan
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Figure B.5: Results of bivariate analysis for Mexico

Figure B.6: Results of bivariate analysis for Portugal

Figure B.7: Results of bivariate analysis for Brasil

Figure B.8: Results of bivariate analysis for Turkey
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B.2 Correlation matrices

Table 7: Correlation Matrix For Argentina

CPI CPI Energy IR LT IR CT GDP M1 M2 M3 BoP Ex R Res IP 10Y 3Y Multi Exp Imp

CPI 1.00
CPI Energy NA 1.00
IR LT NA NA 1.00
IR CT NA NA NA 1.00
GDP 0.01 NA NA NA 1.00
M1 0.03 NA NA NA -0.06 1.00
M2 0.00 NA NA NA 0.07 0.15 1.00
M3 -0.19 NA NA NA 0.01 0.22 -0.13 1.00
BoP 0.01 NA NA NA 0.03 -0.03 -0.08 -0.10 1.00
Ex R 0.03 NA NA NA -0.01 0.01 0.02 -0.03 0.17 1.00
Res 0.02 NA NA NA 0.13 0.06 0.09 -0.03 -0.10 0.02 1.00
IP NA NA NA NA NA NA NA NA NA NA NA 1.00
10Y 0.01 NA NA NA -0.03 0.10 -0.06 -0.00 -0.02 0.05 0.03 NA 1.00
3Y 0.16 NA NA NA 0.09 0.06 0.06 0.02 0.01 0.06 0.01 NA -0.17 1.00
Multi -0.04 NA NA NA 0.01 -0.05 0.48 -0.09 -0.03 0.00 -0.31 NA 0.01 -0.01 1.00
Exp -0.04 NA NA NA 0.07 0.07 -0.04 0.08 -0.01 0.01 -0.06 NA 0.04 0.01 0.06 1.00
Imp 0.10 NA NA NA -0.08 -0.08 -0.03 -0.05 -0.05 0.02 0.05 NA 0.17 -0.08 0.01 -0.12 1.00

Table 8: Correlation Matrix for Brazil

CPI CPI Energy IR LT IR CT GDP M1 M2 M3 BOP Ex R Res IP 10Y 3M Multi Imp Exp

CPI 1.00
CPI Energy NA 1.00
IR LT -0.08 NA 1.00
IR CT 0.17 NA -0.04 1.00
GDP 0.17 NA -0.20 0.11 1.00
M1 -0.08 NA -0.02 0.04 -0.17 1.00
M2 0.02 NA 0.04 0.05 -0.19 0.90 1.00
M3 0.02 NA 0.03 0.02 -0.20 0.90 0.98 1.00
BOP 0.22 NA 0.04 -0.07 0.07 -0.00 -0.01 -0.01 1.00
Ex R 0.26 NA 0.03 0.20 0.08 -0.06 -0.08 -0.09 0.02 1.00
Res -0.19 NA -0.02 -0.23 0.07 0.13 0.18 0.17 -0.04 -0.20 1.00
IP -0.10 NA -0.10 -0.20 -0.09 0.06 0.03 0.03 0.00 0.01 0.07 1.00
10Y 0.07 NA 0.18 0.09 -0.04 -0.01 -0.01 -0.03 0.02 0.17 0.04 0.07 1.00
3Y 0.05 NA -0.04 -0.05 0.12 -0.01 0.00 0.00 -0.13 0.01 0.04 -0.00 -0.28 1.00
Multi 0.10 NA 0.05 0.15 -0.21 0.82 0.89 0.88 0.01 0.02 -0.28 -0.01 -0.03 -0.01 1.00
Imp -0.13 NA 0.02 0.09 -0.12 -0.04 -0.05 -0.04 -0.10 -0.09 -0.02 -0.02 0.01 -0.09 -0.04 1.00
Exp 0.14 NA 0.03 0.00 -0.04 -0.04 -0.02 -0.02 0.15 0.07 0.02 0.08 0.22 0.07 -0.03 -0.10 1.00

Table 9: Correlation Matrix for Spain

CPI CPI Energy IR LT IR CT GDP M1e M2e M3e BoP Ex R Res IP 10Y 3M Multi Exp Imp

CPI 1.00
CPI Energy 0.20 1.00
IR LT 0.06 0.00 1.00
IR CT 0.05 -0.06 0.21 1.00
GDP 0.03 0.03 -0.05 0.23 1.00
M1e -0.08 -0.14 0.04 0.03 -0.16 1.00
M2e 0.04 -0.08 0.03 0.03 -0.17 0.95 1.00
M3e 0.01 -0.11 0.08 0.13 -0.35 0.67 0.72 1.00
BoP -0.02 0.02 -0.01 -0.35 -0.05 -0.03 -0.03 -0.04 1.00
Ex R -0.09 -0.00 -0.06 -0.02 -0.02 0.04 0.05 0.08 0.00 1.00
Res 0.05 0.04 -0.06 -0.15 -0.21 0.26 0.28 0.15 -0.01 -0.01 1.00
IP -0.18 -0.00 -0.04 -0.04 -0.04 0.05 0.03 0.00 0.01 0.01 0.03 1.00
10Y -0.12 0.02 0.13 -0.01 -0.08 0.09 0.13 0.08 0.02 -0.01 0.05 0.05 1.00
3Y 0.00 0.11 0.07 0.02 0.23 -0.01 -0.01 -0.01 0.03 0.02 -0.04 -0.07 -0.17 1.00
Multi -0.08 -0.14 0.01 0.11 -0.03 -0.11 -0.12 -0.01 -0.00 0.03 -0.70 0.01 0.00 -0.01 1.00
Exp 0.04 0.09 0.09 0.01 -0.03 -0.01 0.02 0.01 0.09 -0.02 0.03 0.08 -0.03 0.07 -0.08 1.00
Imp -0.01 -0.01 0.06 -0.02 0.06 0.06 0.01 -0.02 0.02 -0.02 -0.01 0.08 0.07 0.08 0.10 0.26 1.00
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Table 10: Correlation Matrix for Finland

CPI CPI Energy LT IR (10Y) IR CT GDP M1 M2 M3 CA Ex R Res IP 10Y 3M Multi Exp Imp

CPI 1.00
CPI Energy 0.21 1.00
LT IR (10Y) 0.05 0.01 1.00
IR CT 0.00 -0.03 0.22 1.00
GDP 0.03 0.02 0.01 0.32 1.00
M1 NA NA NA NA NA 1.00
M2 NA NA NA NA NA NA 1.00
M3 NA NA NA NA NA NA NA 1.00
CA 0.05 0.03 0.03 -0.19 -0.18 NA NA NA 1.00
Ex R 0.12 0.17 -0.03 -0.10 -0.03 NA NA NA 0.01 1.00
Res 0.21 0.03 -0.01 -0.01 0.07 NA NA NA -0.02 -0.13 1.00
IP 0.00 -0.01 -0.06 0.01 0.13 NA NA NA 0.01 0.03 0.01 1.00
10Y -0.02 -0.04 -0.04 -0.05 -0.04 NA NA NA -0.04 -0.11 -0.02 0.01 1.00
3Y 0.05 -0.04 0.02 0.08 0.04 NA NA NA -0.05 0.01 0.03 -0.05 -0.28 1.00
Multi NA NA NA NA NA NA NA NA NA NA NA NA NA NA 1.00
Exp -0.04 0.05 0.07 -0.01 0.09 NA NA NA 0.10 -0.05 -0.08 -0.02 -0.08 0.03 NA 1.00
Imp -0.04 0.03 0.06 0.01 -0.01 NA NA NA -0.03 0.01 -0.02 -0.10 0.03 0.08 NA -0.00 1.00

Table 11: Correlation Matrix for Greece

CPI CPI Energy IR LT IR CT GDP M1 M2 M3 BoP Ex R Res IP 10Y 3M Multi Exp Imp

CPI 1.00
CPI Energy 0.13 1.00
IR LT 0.03 -0.01 1.00
IR CT -0.00 -0.03 0.02 1.00
GDP 0.06 0.06 -0.27 0.09 1.00
M1 NA NA NA NA NA 1.00
M2 NA NA NA NA NA NA 1.00
M3 NA NA NA NA NA NA NA 1.00
BoP NA NA NA NA NA NA NA NA 1.00
Ex R -0.09 -0.10 -0.13 0.08 0.16 NA NA NA NA 1.00
Res 0.11 -0.02 -0.06 -0.03 -0.04 NA NA NA NA 0.09 1.00
IP -0.03 0.04 0.04 -0.03 0.12 NA NA NA NA -0.11 0.06 1.00
10Y 0.03 0.09 0.07 0.05 -0.02 NA NA NA NA 0.13 -0.02 0.00 1.00
3Y 0.05 0.16 0.01 0.01 0.12 NA NA NA NA 0.00 -0.12 -0.06 -0.17 1.00
Multi NA NA NA NA NA NA NA NA NA NA NA NA NA NA 1.00
Exp -0.01 -0.07 -0.05 -0.04 -0.04 NA NA NA NA 0.14 -0.01 -0.08 0.01 0.02 NA 1.00
Imp 0.13 -0.06 0.01 0.05 0.04 NA NA NA NA 0.06 -0.06 0.02 0.02 0.03 NA -0.01 1.00

Table 12: Correlation Matrix for Japan

CPI CPI Energy IR LT IR CT GDP M1Y M2Y M3Y BoP Ex R Res IP 10Y 3M Multi Exp Imp

CPI 1.00
CPI Energy 0.25 1.00
IR LT -0.12 -0.10 1.00
IR CT -0.05 -0.02 -0.02 1.00
GDP -0.08 -0.04 0.07 0.06 1.00
M1Y 0.00 -0.09 -0.05 -0.05 0.09 1.00
M2Y -0.05 -0.02 -0.02 -0.02 -0.07 0.04 1.00
M3Y 0.01 0.05 0.14 -0.31 0.07 -0.06 -0.12 1.00
BoP 0.07 -0.05 -0.06 -0.05 0.21 0.09 0.02 -0.02 1.00
Ex R -0.00 0.02 0.00 0.02 0.10 0.07 -0.02 0.13 0.12 1.00
Res -0.01 0.04 -0.00 0.04 0.13 0.16 0.06 -0.17 0.02 -0.43 1.00
IP -0.04 -0.06 0.02 -0.01 -0.05 -0.05 0.02 -0.03 0.01 0.02 0.03 1.00
10Y -0.02 -0.07 0.12 0.11 -0.04 -0.04 0.08 -0.02 -0.04 -0.15 0.02 0.02 1.00
3Y -0.13 0.10 0.06 0.05 0.24 -0.03 -0.03 -0.00 -0.06 0.10 -0.03 0.04 -0.17 1.00
Multi 0.01 -0.05 -0.00 -0.05 -0.14 -0.15 0.09 0.15 -0.01 0.42 -0.99 -0.02 -0.01 0.02 1.00
Exp -0.00 -0.07 -0.00 -0.04 0.04 -0.00 -0.06 0.05 0.01 -0.14 0.03 -0.01 0.07 -0.06 -0.04 1.00
Imp -0.01 0.09 -0.09 0.04 -0.05 0.01 0.00 -0.00 -0.13 -0.20 0.12 -0.17 0.08 -0.00 -0.12 0.25 1.00
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Table 13: Correlation Matrix for Mexico

CPI CPI Energy IR LT IR CT GDP M1P M2P M3P BoP Ex R Res IP 10Y 3M Multi Exp Imp

CPI 1.00
CPI Energy 0.30 1.00
IR LT -0.05 0.12 1.00
IR CT 0.00 0.10 0.29 1.00
GDP -0.01 -0.03 0.12 0.04 1.00
M1P 0.06 0.35 0.04 0.04 0.13 1.00
M2P -0.01 0.04 -0.01 0.00 -0.02 0.64 1.00
M3P 0.01 0.04 -0.02 0.00 -0.00 0.65 0.99 1.00
BoP 0.00 -0.01 -0.26 0.00 0.04 -0.02 -0.01 -0.00 1.00
Ex R 0.21 0.16 0.09 0.20 -0.26 -0.05 0.05 0.03 0.01 1.00
Res -0.07 -0.15 -0.03 0.00 0.06 0.20 0.21 0.19 0.02 -0.28 1.00
IP 0.18 0.02 -0.00 -0.02 0.01 0.06 0.05 0.05 0.04 0.07 0.05 1.00
10Y 0.03 0.05 0.10 0.03 -0.11 0.09 0.06 0.06 -0.03 -0.10 0.15 -0.01 1.00
3Y -0.04 -0.10 0.03 0.14 0.12 -0.08 -0.04 -0.04 0.00 -0.14 -0.02 -0.03 -0.17 1.00
Multi 0.04 0.13 0.03 0.02 -0.09 -0.03 0.10 0.12 -0.03 0.37 -0.75 0.04 -0.19 0.05 1.00
Exp -0.07 0.05 -0.02 -0.04 0.16 -0.04 -0.04 -0.05 -0.05 -0.01 -0.11 -0.05 -0.05 0.01 0.16 1.00
Imp 0.03 0.02 0.04 -0.05 -0.00 0.04 0.13 0.13 -0.12 -0.04 0.09 0.05 0.04 -0.05 -0.12 0.06 1.00

Table 14: Correlation Matrix for Poland

CPI CPI Energy IR LT IR CT GDP M1 M2 M3 BoP Ex R Res IP 10Y 3M Multi Exp Imp

CPI 1.00
CPI Energy 0.27 1.00
IR LT -0.04 0.01 1.00
IR CT -0.09 -0.11 0.37 1.00
GDP -0.01 0.07 0.04 0.03 1.00
M1 -0.16 -0.02 0.03 0.04 0.01 1.00
M2 -0.02 0.08 0.09 0.02 0.29 0.04 1.00
M3 -0.16 0.06 0.05 0.01 0.10 0.69 0.08 1.00
BoP 0.05 0.02 0.25 0.02 -0.03 0.02 -0.01 0.00 1.00
Ex R 0.09 0.04 0.03 0.01 -0.15 -0.06 -0.13 -0.03 -0.01 1.00
Res -0.16 0.04 0.10 0.05 0.10 0.31 -0.06 0.27 0.05 -0.04 1.00
IP 0.02 0.13 0.09 -0.02 0.15 0.02 -0.05 -0.04 0.13 0.03 0.02 1.00
10Y -0.04 -0.03 0.18 0.03 -0.01 0.21 -0.04 0.24 0.07 0.10 0.10 0.06 1.00
3Y 0.03 0.04 0.06 0.11 -0.02 0.02 -0.08 -0.00 -0.09 -0.06 0.08 -0.11 -0.17 1.00
Multi 0.06 -0.00 -0.09 -0.04 -0.06 -0.01 0.28 0.04 -0.11 0.19 -0.41 0.07 0.01 -0.14 1.00
Exp -0.10 0.02 -0.01 0.04 0.05 -0.05 0.07 -0.11 -0.13 0.03 -0.14 0.07 -0.04 0.06 0.05 1.00
Imp 0.16 0.06 0.09 0.06 0.06 -0.06 -0.14 -0.08 0.11 -0.02 0.00 0.11 0.07 -0.01 -0.01 -0.13 1.00

Table 15: Correlation Matrix for Portugal

CPI CPI Energy IR LT IR CT GDP M1 M2 M3 BoP Ex R Res IP 10Y 3M Multi Exp Imp

CPI 1.00
CPI Energy 0.17 1.00
IR LT -0.02 0.01 1.00
IR CT 0.02 -0.02 0.22 1.00
GDP 0.02 -0.03 -0.14 0.13 1.00
M1 NA NA NA NA NA 1.00
M2 NA NA NA NA NA NA 1.00
M3 NA NA NA NA NA NA NA 1.00
BoP -0.08 -0.06 0.07 -0.04 0.04 NA NA NA 1.00
Ex R 0.09 -0.00 -0.05 -0.02 -0.06 NA NA NA -0.01 1.00
Res 0.05 0.08 -0.01 0.02 -0.06 NA NA NA -0.03 0.01 1.00
IP -0.04 -0.01 0.03 -0.05 0.02 NA NA NA 0.08 -0.01 0.06 1.00
10Y 0.04 -0.05 0.13 0.04 -0.06 NA NA NA -0.01 -0.01 -0.00 -0.15 1.00
3Y 0.05 0.03 0.05 0.03 0.14 NA NA NA -0.00 0.02 -0.05 0.02 -0.17 1.00
Multi NA NA NA NA NA NA NA NA NA NA NA NA NA NA 1.00
Exp 0.06 0.05 -0.02 -0.05 0.04 NA NA NA -0.02 -0.02 -0.10 -0.05 0.05 0.04 NA 1.00
Imp -0.11 -0.03 0.03 0.02 0.04 NA NA NA -0.02 -0.01 0.05 -0.07 -0.03 -0.05 NA 0.33 1.00
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Table 16: Correlation Matrix for South Africa

CPI CPI Energy IR LT IR CT GDP M1 M2 M3 BoP Ex R Res IP 10Y 3M Multi Exp Imp

CPI 1.00
CPI Energy 0.07 1.00
IR LT 0.08 -0.06 1.00
IR CT 0.07 0.02 0.40 1.00
GDP -0.00 0.02 -0.05 0.04 1.00
M1 0.03 -0.04 0.14 0.23 0.01 1.00
M2 -0.03 0.03 0.13 0.23 -0.01 0.62 1.00
M3 -0.05 0.05 0.03 0.17 0.11 0.54 0.87 1.00
BoP 0.01 0.04 0.04 -0.13 -0.00 -0.09 -0.06 0.03 1.00
Ex R 0.12 -0.12 0.30 0.30 -0.07 0.10 0.13 0.08 0.12 1.00
Res 0.02 0.03 -0.19 -0.15 0.08 -0.05 0.00 0.02 0.06 -0.34 1.00
IP -0.02 -0.06 0.19 0.12 0.54 -0.03 -0.01 0.08 0.02 0.03 0.04 1.00
10Y -0.01 -0.00 0.06 -0.01 -0.08 0.08 0.11 0.08 0.07 -0.05 -0.03 -0.09 1.00
3Y 0.11 0.19 0.10 0.10 0.14 0.01 -0.06 -0.13 -0.00 -0.14 0.02 0.23 -0.17 1.00
Multi -0.02 -0.03 0.21 0.17 -0.08 0.11 0.11 0.07 -0.07 0.35 -0.99 -0.05 0.04 -0.03 1.00
Exp 0.09 0.03 0.00 -0.04 -0.01 -0.04 0.09 0.08 -0.01 -0.16 0.11 -0.04 -0.04 0.05 -0.10 1.00
Imp 0.00 0.12 -0.06 -0.06 0.04 -0.11 -0.10 -0.10 0.09 -0.12 -0.02 0.03 -0.06 -0.00 0.01 0.11 1.00

Table 17: Correlation Matrix for Turkey

CPI CPI Energy IR LT IR CT GDP M1 M2 M3 BoP Ex R Res IP 10Y 3M Multi Exp Imp

CPI 1.00
CPI Energy 0.26 1.00
IR LT NA NA 1.00
IR CT 0.10 0.18 NA 1.00
GDP 0.12 0.03 NA -0.22 1.00
M1 0.06 -0.02 NA -0.22 -0.02 1.00
M2 0.04 -0.03 NA -0.04 -0.14 0.82 1.00
M3 0.03 -0.01 NA -0.04 -0.13 0.81 0.99 1.00
BoP 0.05 -0.02 NA -0.02 -0.21 -0.01 0.07 0.05 1.00
Ex R 0.16 0.08 NA 0.28 -0.38 0.21 0.33 0.33 0.23 1.00
Res -0.06 -0.12 NA -0.23 0.08 0.29 0.28 0.29 -0.15 -0.27 1.00
IP -0.05 -0.15 NA -0.20 0.17 0.11 0.03 0.04 0.06 -0.06 0.21 1.00
10Y 0.03 -0.03 NA -0.07 -0.05 -0.02 -0.06 -0.07 0.23 -0.05 -0.08 -0.00 1.00
3Y -0.20 0.03 NA -0.01 0.07 -0.03 -0.01 -0.01 -0.04 -0.08 -0.00 0.01 -0.17 1.00
Multi 0.07 0.10 NA 0.22 -0.18 0.23 0.36 0.35 0.20 0.51 -0.69 -0.22 0.09 -0.02 1.00
Exp -0.03 0.02 NA 0.04 0.07 0.10 0.05 0.03 -0.05 -0.08 0.04 -0.06 0.04 0.03 0.04 1.00
Imp -0.01 -0.05 NA -0.05 0.02 -0.01 0.01 0.01 -0.00 -0.04 0.12 0.08 0.07 0.04 -0.08 0.04 1.00

Table 18: Correlation Matrix for USA

CPI CPI Energy IR LT IR CT GDP M1 M2 M3 BoP Ex R Res IP 10Y 3M Multi Exp Imp

CPI 1.00
CPI Energy 0.03 1.00
IR LT 0.05 0.16 1.00
IR CT -0.00 -0.01 0.12 1.00
GDP 0.02 0.10 0.24 0.32 1.00
M1 0.12 0.03 -0.10 -0.02 -0.11 1.00
M2 NA NA NA NA NA NA 1.00
M3 0.06 0.05 0.02 -0.06 0.16 -0.13 NA 1.00
BoP 0.03 -0.13 -0.03 0.02 -0.02 -0.00 NA -0.09 1.00
Ex R 0.07 -0.03 0.05 -0.23 0.06 -0.06 NA -0.04 -0.00 1.00
Res -0.08 0.04 -0.11 -0.27 -0.03 0.06 NA 0.07 -0.18 0.34 1.00
IP -0.03 -0.08 0.22 0.11 0.20 -0.00 NA 0.02 0.02 -0.03 -0.16 1.00
10Y -0.06 0.02 0.02 -0.26 -0.14 -0.03 NA 0.01 -0.02 0.06 0.14 0.03 1.00
3Y 0.01 0.08 0.25 0.42 0.24 -0.14 NA -0.03 0.00 0.02 -0.12 0.06 -0.17 1.00
Multi NA NA NA NA NA NA NA NA NA NA NA NA NA NA 1.00
Exp 0.02 -0.03 0.07 -0.02 0.13 -0.14 NA -0.02 -0.16 0.07 -0.03 -0.04 -0.11 0.09 NA 1.00
Imp 0.07 0.01 0.14 -0.03 0.04 -0.02 NA -0.02 -0.02 0.06 0.05 0.09 -0.01 -0.04 NA 0.14 1.00
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B.3 Multicollinearity graphs

Figure B.9: Multicollinearity for Portugal Figure B.10: Multicollinearity for USA

Figure B.11: Collinearity for Argentina Figure B.12: Multicollinearity for Poland

Figure B.13: Multicollinearity for Finland Figure B.14: Multicollinearity for Greece
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B.4 VIF values

Figure B.15: VIF for Argentina

Figure B.16: VIF for Brazil
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Figure B.17: VIF for Finland

Figure B.18: VIF for Greece
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Figure B.19: VIF for Japan

Figure B.20: VIF for Mexico
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Figure B.21: VIF for Poland

Figure B.22: VIF for Portugal
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Figure B.23: VIF for South Africa

Figure B.24: VIF for Spain
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Figure B.25: VIF for Turkey

Figure B.26: VIF for USA
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C EWS Model

C.1 Dichotomous Variable

Figure C.1: crises occurrence (Nguyen and al., 2022)
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D Results

D.1 Currency crises

Figure D.1: Logit estimation of Argentina
Figure D.2: Logit estimation of Argentina
coeff
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Figure D.5: Logit estimation of Mexico Figure D.6: Logit estimation of Poland
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D.3 Debt crises

Figure D.22: Logit estimation of Argentina Figure D.23: Logit estimation of Brazil

Figure D.24: Logit estimation of Greece Figure D.25: Logit estimation of Mexico

Figure D.26: Logit estimation of Poland Figure D.27: Logit estimation of Portugal

Figure D.28: Logit estimation of South
Africa Figure D.29: Logit estimation of Turkey

Figure D.30: Logit Estimation for Turkey Figure D.31: Logit Estimation for Poland
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E Forecast financial crises

E.1 Forecast currency crises

Figure E.1: Currency crises Probability for
Greece

Figure E.2: Currency crises Probability for
Mexico

Figure E.3: Currency crises Probability for
Portugal

Figure E.4: Currency crises Probability for
Turkey

Figure E.5: Currency crises Probability for
Spain

Figure E.6: Currency crises Probability for
Argentina
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Figure E.7: Currency crises Probability for
Poland

E.2 Forecast Banking crises

Figure E.8: Banking crises Probability for
Greece

Figure E.9: Banking crises Probability for
Mexico
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Figure E.10: Banking crises Probability for
Portugal

Figure E.11: Banking crises Probability for
Turkey

Figure E.12: Banking crises Probability for
Argentina

Figure E.13: Banking crises Probability for
Japan

Figure E.14: Banking crises Probability for
Poland

Figure E.15: Banking crises Probability for
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Figure E.16: Banking crises Probability for USA

E.3 Forecast Debt crises

Figure E.17: Debt crises Probability for Ar-
gentina

Figure E.18: Debt crises Probability for
Brazil



xxxii

Figure E.19: Debt crises Probability for
Poland

Figure E.20: Debt crises Probability for
Turkey

Figure E.21: Debt crises Probability for
Portugal

Figure E.22: Debt crises Probability for
South Africa

E.4 Forecast model evaluation

Debt MAE MSE RMSE
Brazil 0.049 0.003 0.058
Argentina 0.070 0.010 0.100
Greece 0.025 0.001 0.034
Mexico 0.055 0.004 0.066
Poland 0.103 0.015 0.124
Portugal 0.019 0.001 0.033
South Africa 0.025 0.001 0.032
Turkey 0.018 0.000 0.020
Average 0.034 0.002 0.041

Table 19: Evaluation metrics for debt crises forecasts
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Abstract: 
 

Being in an era where unpredictable financial crises happen, it is necessary to 

understand which financial indicators should be included win an Early Warning 

System (EWS). The purpose of our master thesis is to identify the key Variables that 

enhance the accuracy of an EWS for currency, banking, and debt crises. In first 

stage, we reviewed the current literature to have a full understanding of the 

difference between types of crises and to acknowledge the different EWS methods 

that exists. Secondly, we proceeded in empirical research where we started by 

testing the Relationship between the variables using a bivariate regression, a 

correlation and multicollinearity analysis. Subsequently, we proceeded in the 

implementation of a logit regression model to establish our EWS, followed by a 

specification model. Our results showed that for the currency crises the most 

significant variables are the CPI energy, short-term interest rate, exchange rate, 

industrial production and the 3-Month Treasury bill. For banking crises, we identified 

the exchange rate, CPI, short-term interest rate, 3-Months Treasury bill and the 10-

Year constant maturity. For debt crises, the most significant variables are the CPI, 

exchange rate, 10-Year constant maturity and the 3-Month Treasury Bill. Once we 

have identified the most significant variables, we have performed forecasts for each 

type of crises for the next decade and conducted model evaluations. 
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