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Abstract 

The thesis “Financial fragility – empirical studies on crises and reforms” consists 
of an introduction and four empirical studies. The introduction provides a more 
detailed summary of the articles and the empirical methods than is provided here. 
 
Paper 1 entitled “Indicators used in setting the countercyclical capital buffer” is a 
comprehensive study of early warning indicators of banking crises. These 
indicators can be used to help guide the decisions on the level of the 
countercyclical capital buffer. The study examines a large set of early warning 
indicators in a robust comparable setup. The study corroborates the view by the 
literature that credit-based indicators are important. Additionally, we find 
various price-based indicators to be useful. 
 
Second paper, “Predicting financial crises with recurrent neural networks”, 
studies the state-of-the-art methods to predict financial crisis events. All these 
methods make use of subset of variables similar to those covered in paper 1. It 
finds that deep neural networks based on the Long-Short Term Memory (LSTM) 
architecture or Gated Recurrent Units (GRU) deliver superior performance 
compared to the more basic models. 
 
Paper 3 is entitled “Do banks’ overnight borrowing rates lead their CDS price? 
Evidence from the Eurosystem”. It is based on interbank overnight loans filtered 
from unique payment system data on interbank transactions that take place in 
the European TARGET2 large value payment system. The study finds that the 
overnight loan prices can lead the CDS price especially during periods of financial 
stress. The interpretation is that the private overnight loan rates contain private 
information not present in the public CDS quotes. Overall, the results suggest that 
the bank-specific overnight borrowing rates can be a useful short-term risk 
indicator for banks. 
 
The last paper “Have Too-Big-To-Fail Expectations Diminished? Evidence from 
the European Overnight Interbank Market” uses the same data source as paper 3 
and investigates whether the post-crisis regulation has affected the pricing of 
loans in the overnight market. Specifically, the article studies whether the 
perceived too-big-to-fail subsidies of large banks have decreased following the 
implementation of bank resolution and recovery directive (BRRD) in EU. The 
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article finds a gradual decline in the overnight loan rate differential between small 
and large banks that coincides with the gradual implementation of the new 
directive. However, the decline in the rate differential does not occur at the exact 
implementation dates of the BRRD directive. Rather, we observe a decline in the 
funding cost advantage of large banks when actual bail-in events take place 
during the sample period. 
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1. Introduction 

About a decade ago, we encountered a cluster of financial crises, including the 
2007-08 global financial crisis, and afterward, the European debt crisis. The costs 
have been enormous. For example, the toll of the 2008 financial crisis in the US 
alone amount to $70,000 per American, according to Barnichon et al. (2018). The 
damages are not only financial but also political and social (see, e.g., Mukunda, 
2018). Policymakers have implemented reforms to reduce the likelihood of future 
financial crises. A part of these reforms has been to strengthen the banking 
system through more stringent regulatory requirements.1  
 
This thesis delivers four empirical studies related to financial crises (especially 
banking crises) and the post-crisis reforms that have followed the latest crises. 
Unsurprisingly, the recent predicaments have spurred research on the 
developments that precede typical financial crises. The reasoning is that by 
identifying the risk factors and devising targeted policies, the risk of financial 
crises could be mitigated proactively. Quantitative early-warning models can 
inform about the probability and scale of prospective crisis events and help in 
timing policy actions. The first two articles in this thesis are studies along these 
lines and contribute to the vast literature that analyses factors preceding financial 
crises using cross-country panel data. Early work in this field includes Demirgüc-
Kunt and Detragiache (1998, 2000), Kaminsky and Reinhart (1999), Hardy and 
Pazarbasioglu (1998), Caprio and Klingebiel (1997), and Berg and Pattillo (1999). 
 
The first article is a comprehensive study of early warning indicators. We study 
which indicators would have been most informative for predicting crises that took 
place in Europe during the past few decades. Here we focus on single variable 
indicators that, through their relative simplicity, can be readily implemented as 
charts to support financial stability decisions and public communication. 
Consistent with earlier literature, we find that besides credit growth and debt 
servicing costs, many price-based indicators are useful. 
 
In the background of the first article is the implementation of the countercyclical 
capital buffer (CCyB). The CCyB was included in the Basel III regulatory pact that 

 

1 New regulations have also been introduced, for example, for investment funds and derivatives markets. 
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followed the 2008 financial crisis. It is a dynamically adjusted capital constraint 
imposed on banks’ balance sheets, which is set to be higher during periods of high 
credit cycle intensity. This concept of cycles related to financial markets, as 
opposed to business cycles, is relatively new in the economics literature (related 
literature include Bernanke and Lown, 1991; Bernanke and Gertler, 1995; 
Holmström and Tirole, 1997; Kiyotaki and Moore, 1997; Eichengreen and 
Mitchenes, 2007; Geanakoplos, 2010; Borio, 2012). The bottom line is that the 
credit cycles amplify business cycle fluctuations, which increases the likelihood 
of financial crises. The CCyB seeks to counteract this amplification, and early 
warning indicators would be helpful in deciding when to increase the level of the 
CCyB. 
 
Early warning models that go beyond single variables can give more accurate 
crisis predictions. Traditionally, they have been linear discrete choice models that 
use a cross-section of macro-financial variables for making predictions. The 
second article investigates how crisis predictions could be improved by plugging 
in time-series to modern neural nets. From the econometric perspective, the 
neural nets serve as universal function approximations (see Kuan and White, 
2007). This could be helpful for crisis prediction as the crises are fundamentally 
non-linear events making linear models prone to misspecification. 
 
We show that the predictions can be made more accurate by taking advantage of 
recent developments in sequence modeling, nowadays commonly used in speech 
recognition and other data science applications. In particular, the new models 
based on gated recurrent neural net architectures outperform more basic neural-
nets and the benchmark logistic model. One of the reasons why neural nets have 
been used relatively little in economics is their black-box characteristics. To 
alleviate this problem, we demonstrate how the drivers of the neural net 
predictions can be characterized by decomposition methods introduced recently 
to the machine learning literature. 
 
The third article continues the quest for risk indicators but takes the perspective 
of the interbank markets. The interbank market is where banks provide each 
other short-term liquidity to facilitate outgoing payments and compliance with 
the central bank’s reserve requirement. In Europe, the interbank market 
transactions take place in the TARGET2 large-value payment system. We have 
utilized an algorithm (Arciero et al., 2016) that is able to identify interbank loans, 
among other payment system transactions that take place in TARGET2. Using 
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the data of filtered interbank loan transactions, we construct a bank-specific 
measure based on the interest rate that the bank pays for its overnight interbank 
funding.   
 
Previous literature originating from the seminal article by Furfine (2001) has 
shown that overnight loans reflect the credit risk of the borrower banks. To 
investigate the practical value of the information included in the overnight loans, 
we compare the bank-specific loan rates with the public information in the CDS 
market. Given the fact that TARGET2 has been flooded with liquidity due to the 
actions of the ECB related to the global financial crisis and the Euro crisis, and 
that price discovery is not a high priority in the money market to begin with (cf. 
Holmström, 2015), it is not ex-ante clear whether the information in money 
market rates would provide value-added. CDS market, on the other hand, has 
been shown to lead bond prices and stock prices, which suggests that the traders 
in the CDS market are well informed, and the quotes provide timely information 
relative to the other sources.  
 
Against this background, we find that during calm periods the money markets are 
relatively uninformative, and the price discovery predominantly takes place in the 
CDS market. However, during stressed periods the overnight loans can lead the 
CDS price, especially for banks that are riskier. The results show that information 
in the interbank market rates can be useful, but the relative value of the 
information depends on the situation. 
 
The final article is related to the issue of too-big-to-fail (TBTF) banks. It has been 
suggested that TBTF financial institutions made the 2008 financial crises 
significantly worse (Bernanke, 2010). A bank is called TBTF if its failure would 
endanger the stability of the financial system. If a bank’s creditors expect the bank 
to be bailed-out, resulting in a lack of market discipline, there are fewer incentives 
for the bank to act prudently. As part of the post-crisis reform pact, the EU has 
implemented a Bank Resolution and Recovery Directive that ensures that banks’ 
shareholders and creditors pay their share of resolution costs. 
 
The fourth article investigates the issue of TBTF from the perspective of the 
interbank market. It contributes to a growing literature that analyses the issue of 
TBTF subsidies surrounding the recent financial crisis events (Acharya et al., 
2016; Ahmed et al., 2015; Araten and Turner, 2013; among others). Using the 
same data source as in the previous article, we investigate how the interbank rates 
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depend on bank size and other bank characteristics. We find that large banks 
consistently obtain cheaper funding than their smaller peers, which could be an 
indication of TBTF status. Since the cost differential could also be related to other 
factors, we try to measure, whether it has changed following the adoption of the 
new anti-bail-out resolution regime. Despite the short maturity of the overnight 
loans, we can’t pin-down a change in the funding cost at the precise 
implementation dates. Instead, the magnitude of the size premium decreases 
when actual bail-in events occur during the sample period. Additionally, there is 
evidence of a gradual change in the funding costs that matches the timeline for 
the longer process of proposing and legislating the new regulation.  
 
Hence, overall the four articles contribute to the literature on financial stability 
and financial crises. This literature will likely continue to grow in the future, and 
despite the new stability measures will be fostered by occasional crises. Alongside 
there will be research on proactive financial stability measures, a literature that 
will flourish in the coming years when different policies are tried, and the 
policymakers seek the optimal trade-off between growth and stability. 
 
The rest of this thesis is structured as follows. Section 2 reviews the econometric 
methods used in the studies on a general level in so far as they are not already 
sufficiently covered in the articles. This leaves outside the neural net models, 
which are discussed at length in Article II and its annexes. Section 3 summarizes 
the articles and their findings. Section 4 concludes by discussing the 
contributions relative to the earlier literature and offers some suggestions for 
further research. 
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2. Methods 

Econometrics is statistics applied to economic data. Articles I-IV make use of 
various econometric and statistical methods outlined in this chapter. 
 

2.1 Binary classification problem in crisis prediction 
 
Following the publication of various crisis datasets since the late 1990s, the early 
warning literature commonly poses the financial crisis prediction as a discrete 
classification problem. In a generic classification problem, we want to predict the 
discrete category y of an observation based on a set of covariates X. In Articles I 
and II, we seek to predict whether the data correspond to a pre-crisis or normal 
observation. That corresponds to a binary classification problem. In this context, 
a classification model assigns a probability for a period t to belong to one of the 
categories (pre-crisis/normal) given vector  (see Figure 1 for illustration). 
 

 
Figure 1. Binary classification based on two covariates  and  . Darker 

background color corresponds to a higher probability of belonging to the red 
category. 
 
Classification models can be split into two categories (see Murphy, 2012). The 
first category we call generative models. Generative models treat both X and y as 
random and specify their joint distribution. Since y is a categorical variable, it 
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suffices to specify the distribution of X at each category . We assign 
prior probabilities (although this is not really Bayesian inference) to each 
category  and use Bayes theorem to obtain . Examples of 
generative models include linear and quadratic discriminant analysis. Generative 
models are called generative as they allow to generate new observations based on 
the distribution of X.  
 
Generative models have been used in crisis prediction, but they are not as popular 
as the second class of models called discriminative models. Often we are not 
interested in the distribution of X, so discriminative models make fewer 
assumptions by not assuming distribution for X. The models directly specify the 
marginal likelihood  and perform statistical inference based on that. 
Examples include logistic and probit regression, which are the classical 
benchmark models for crisis prediction. Some authors also use multinomial 
logistic models, typically with three or four categories (see Bussiere and 
Fratzscher, 2006; Caggiano et al., 2014). Neural networks also fall within the 
class of discriminative models as neural nets directly specify the output without 
considering the distribution of X. 
 
In the logistic regression model, we assume , where  is 

the sigmoid function . The model is estimated by maximizing the 

conditional likelihood 
 

                          (1) 

 

The predicted probability for a new observation  to belong to category one is 
obtained via 

                                                  (2) 

where  is the maximum likelihood estimate. 
 
Each of the early-warning models outputs an estimated probability for the pre-

crisis state given the observed explanatory variables . Note that to 
avoid endogeneity problems caused by simultaneity, the information in the 
covariates has to be lagged relative to the information in the crisis-dummy. If the 

probability  is larger than some threshold , then we ex-ante classify the state as 
a pre-crisis state, and a normal state otherwise. Afterward, we observe the ex-post 
state and calculate the classification error. Correctly predicted crisis is called a 
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true positive (TP). Correctly predicted normal state is a true negative (TN). A false 
alarm is a false positive (FP), and a missed crisis is a false negative (FN). The TPs, 
FNs, TNs, and FPs can be accumulated to calculate various performance 
statistics. In Article I, we evaluate the EWMs using two alternative classification 
performance measures: the area under the ROC curve (AUC) and the 
policymaker’s relative usefulness. Article II only uses the AUC statistics. They are 
both widely used measures in the context of financial crisis prediction, but AUC 
is used more widely across disciplines. The performance statistics make use of 
following error rates 
 

Sensitivity  , (3) 

 

Specificity  (4) 

 
AUC: The receiver operating characteristic (ROC) curve is obtained by plotting 
the true positive rate (TPR) on the vertical axis and the false positive rate (FPR) 
on the horizontal axis for all possible values of the threshold  (see Figure 2b in 
Article I). The area under the curve (denoted AUC or AUROC) is a scoring rule 
for the classification task. The highest value of the AUC, 1.0, is achieved for a 
model that is able to perfectly predict the crisis and normal states for some 

threshold . A random guess obtains AUC = 0.5. AUC<0.5 indicates that the 
predictions are worse than a random guess. It is important to remember that the 
AUC statistic is agnostic to which threshold h the policymaker should actually 
use. 
 
We obtain confidence intervals for the AUC using the bootstrapping algorithm by 
Pepe et al. (2009). In the algorithm, subjects that contribute several observations 
to the ROC curve, in our case countries, are identified as resampling clusters. In 
our application, adjusting for clustering is important, especially with shorter 
frequencies (quarterly or shorter) and when using more than one pre-crisis 
period, as in that case, the prediction errors at successive periods become 
correlated to a significant degree. 
 

Relative usefulness: Consider a policymaker that chooses a threshold . We 
can think the policymaker as having simple preferences over the error rates 
(Alessi and Detken, 2011) such that the policymaker’s loss function is 

. He can always achieve loss Min( ,1 − ) by classifying all 0 
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or all 1. Hence, we can define normalized relative usefulness as . 

Usefulness is positive for an indicator that helps policymaker reduce loss beyond 
what he can always achieve, and it is one if the error rates are exactly zero. For 
the relative usefulness, a higher value is better (see Figure 2c in Article I for 
illustration). 
 

2.2 Neural nets and Shapley values 
 
The neural net models used in Article II are discussed extensively in the 
corresponding article and its supplement. Here, we provide additional remarks 
about the use of Shapley values in this context. It is helpful to contrast the 
interpretation of a logistic model and a neural net. In the case of the logit model, 
the contribution of each predictor variable can be easily understood from the 

associated component of the coefficient . In contrast, the neural nets come with 
a potentially much larger number of parameters, and it is hard to comprehend 
the contribution of the individual predictors from the set of parameters alone. 
Model users naturally want to understand what the predictions are based on. 
Fortunately, the contribution of different predictors to the predictions can be 
quantified using Shapley values (Shapley, 1953). 
 
Shapley values are an old concept from game theory that has been recently 

applied to understanding drivers of machine learning models (see Lundberg and 

Su-In Lee, 2017). Bluwstein et al. (2020) are first to use them for understanding 

how machine learning methods predict financial crises. For more details on the 

method, see Lipovetsky and Conklin (2001) and Lundberg and Su-In Lee (2017). 

 

Shapley value quantifies how much a player contributes to the payoff in a 

multiplayer coalitional game. The order in which the players enter the game 

matters. For example, in soccer, adding a new goal-keeper adds little value if the 

team already has a good goal-keeper. We denote the set of all potential players by 

N and the subset of players that participate in the game by . The payoff 

associated with coalition S is denoted by . Because the contribution of player k 

depends on which other players are already included in the game, the overall 
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Shapley value of player k, denoted by , is a combinatorial sum of differences 

given by 

  (5) 

In the neural net application, each predictor will correspond to a player in a game 

of out-of-sample prediction. This is a repeated game where each round 

corresponds to a country-time tuple (i,t). In the basic application, we calculate 

the Shapley value  separately for each round. In this case, the payoff for 

coalition S is , the probability output from a neural net.  

 

A fundamental choice is whether the neural net used for predicting with the 

subset of predictors  is the same as the original neural net,2 or if we train a 

new neural net for the input variables S. We choose the latter approach. While 

training a new neural net for each input combination is computationally heavy, it 

is reasonable for our relatively small neural nets. It also ensures that the included 

predictors do not underperform due to ignoring interaction with the excluded 

predictor. 

Defining , an important additivity identity holds 

 

.   (6) 

 
The above identity means that the Shapley values can be used to decompose the 
output into contributions of each predictor. 

2.3 Vector autoregression and vector error-correction models 
 
Article III makes use of vector autoregressions (VAR)  and vector error correction 
models, which are powerful tools for summarizing intertemporal relationships in 
multivariate time series data. VARs and their descendants are extensively used in 
finance and macroeconomics following the work of Wiener (1956), Granger 
(1969), Sims (1980), and others (see also Granger, 2003). Technical advances 
continue to this day as VARs are extended to more complex model structures. 

 

2 Even if the neural net requires a preset number of input variables, we could in principle replace the 
excluded inputs with uninformative sample averages as is done by Bluwstein et al. (2020). 
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VARs are popular for macroeconomic forecasting. In finance, they are often used 
to study information content in prices in different markets; in the case of Article 
III, the two markets are the overnight loan market and the CDS market. The 
adopted framework treats the two variables on an equal basis and allows 
dependencies in both directions. 
 
We define a VAR process by the equation 
 

 

 
where  is a d-dimensional vector of observations at time t;  are parameter 

matrices, and  is an error process. The error process is assumed to be white 

noise, i.e. serially uncorrelated with zero mean , and finite covariance 

. It is reasonable to expect these conditions to be satisfied if  is a 
two-component vector consisting of the overnight spread and the CDS spread. 
 
If we know the numbers in the parameter matrices , we can use the zero-mean 
assumption of the error term and recursively calculate the forecasted future path 
for . If the assumptions above are satisfied, the resulting forecast is unbiased 
and minimizes the mean squared forecast error. That makes VAR models 
attractive for forecasting.  
 
The VAR model is convenient for summarizing the dynamics of two or more 

dependent time series. The parameter matrices  and error covariance  
concisely summarize dynamic information. The parameter matrices reveal if 
known values in one series contain information that is useful for predicting the 
future value of other series. In Article III, we are especially interested in the cross-
terms in , which tell about the relationship between the two markets. We make 
use of the causality concept by Granger (1969), which is based on the observations 
that 1) The cause occurs before the effect; and 2) The cause contains information 
about the effect that is unique, and is in no other variable. In the case of Article 
III, we look at whether one of the market prices causes the price in the other 
market subject to a number of control variables.  For example, in our case, we 
note that the  matrix has a significant off-diagonal term (such that past O/N 
rate affects current CDS price) that remains robust to all relevant control 
variables so that the definition of causality is satisfied. 
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So far, we did not discuss how to estimate a VAR. We can obtain the maximum 
likelihood estimates (MLE) of the coefficients  by performing least-squares 
regression on each equation (provided there are no restrictions on the 
parameters; see Kilian and Lütkepohl, 2017). We can then calculate the residuals 

 and an estimate for the variance-covariance matrix . The MLE method also 
yields standard errors. However, these are not necessarily valid as such, especially 
in the panel setup. With the pooled panel, we use robust standard errors adjusted 
for clustering, as advocated by Petersen (2008). 
 
We have concluded that VARs are useful for summarizing time-series data. 
However, something that we so far failed to mention is that economic time series 
often have non-standard properties. That is part of the reason why the current 
chapter is titled econometric methods instead of just statistical methods. An 
important feature of many economic time series is that they are relatively smooth 
and characterized by trend behavior; in other words, the series are non-
stationary. Empirically, the CDS spread time-series over our sample period look 
non-stationary, which is further confirmed by unit roots tests (Dickey and Fuller, 
1979).  
 
Oftentimes, we have two time series, which both are non-stationary. Whether the 
two series bear any real relationship, if we regress one on another, we often find 
a statistically significant relationship. This is a problem of spurious regression. 
An important discovery in the 80s by Engle and Granger (1987) was that if the 
two or more time series are cointegrated, i.e. share a common trend, then suitably 
scaled a linear combination of the cointegrated series would be stationary. This 
leads us to the vector error correction (VECM) model, which can be written as 
 

 

 
where ,  are the parameter matrices,  is an error process, and 

 is the lagged error correction term.  and  are  matrices with r the 
number of co-integration vectors. In Article III, there are two credit spread series 
( ), and there is potentially one cointegration vector . 
  
We estimate the VECM model using a maximum likelihood method by Johansen 
and Juselius (1995). We find mixed evidence in favor of a co-integration 
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relationship between the two credit spreads.  Hence, we report both VECM and 
VAR results. 
 
Article III uses two measures of price discovery that are based on the VECM 
model. In an ideal setting, we have identical securities that are traded on multiple 
markets. The price discovery measures determine, to which extent each market 
produces new price information. In practice, the securities need not be identical 
as long as they are linked by arbitrage or approximate parity relations such that 
they are co-integrated and VECM model can be used to describe the relationship. 
In the case of CDS and overnight rates, the maturities differ, so there is no exact 
arbitrage relationship. However, the fact that both describe credit spreads of the 
same bank seems to be enough for a co-integration relationship to exist. 
 
The information share by Hasbrouck (1995) presents the proportional 
contribution of a market’s innovation to the innovation in the common efficient 
price. In our case, the “efficient common price” is an unobserved common credit 
risk factor that drives both CDS and overnight loan prices. The Gonzalo-Granger 
measure (Gonzalo and Granger, 1995) is simply the common factor component 

weight ( ]). Both measures lie in the interval [0,1] and are closely 
related. However, the information share takes into account the variability of the 
innovations in each market, whereas the common factor component weight does 
not (cf. de Jong, 2002). 
 

2.4 Panel data techniques - fixed effects model and differences 
in differences 
 
Panel data consists of repeated cross-sections. Although all of the four articles 
deal with panel data, the techniques described here pertain mainly to Article IV. 
The fixed-effect model allows controlling for specific forms of omitted variable 
bias. The difference in differences is a technique used to infer the effect of a 
treatment in a natural experiment by observing the treatment group and the 
control group over time. 
 
2.4.1 Fixed effects model 
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In Article IV, we use a fixed-effects model to analyze the determinants of the 
interest rate that a bank pays in the interbank market. In this application, the 
fixed-effect model helps to control a specific type of omitted-variables bias related 
to heterogeneity across countries and time. The model is written as 
 

 ,   (9) 

 
where i and j denote the borrower and lender banks, respectively, c(i) is the 

country of the borrower, t denotes day,  is the dependent variable (interest rate), 

and  is a vector of explanatory variables.  and  are the two fixed effect 

terms.  is used to control potential unobserved country heterogeneity that 

would be constant over time.  controls fixed time effects, i.e. potential 

unobserved time heterogeneity that would be constant over loans granted on a 
given day. These could be related to the market-wide liquidity conditions in the 
overnight market. 
 
For the fixed effect model in Article IV, we use the least square coefficient 
estimates together with robust standard errors adjusted for clustering at the bank 
level (Rogers, 1993). The robust standard errors adjusted for clustering relax the 
assumption that the errors are independent and identically distributed. Instead, 
the errors only need to be independent across clusters. Because the observations 
are at the transaction level while some of the explanatory variables are at the 
annual level, using the clustered standard errors is crucial in order not to have 
grossly inflated t-values. An alternative approach would be to aggregate the data 
to annual level. 
 
2.4.2 Difference in differences 
 
Controlled experiments are important for causal inference. In economics, we 
typically do not have controlled experiments. Nevertheless, sometimes an 
experimental setup can arise naturally, as is the case in Article IV, where 
legislation is implemented in only some countries of a multi-country data set. 
Such natural experiments can be analyzed through the difference(s)-in-
differences (DiD) method. For DiD analysis, we need to have panel data of the 
outcome y for a treatment group and a control group. The event, which should 
only affect the treatment group, should take place during a short period such that 
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there are no confounding effects. The inference is based on observations before 
and after the event. 
 
For simplicity, let us assume that there is one period before the event (t = 0) and 
one period after the event (t = 1). Then the DiD analysis can be implemented by a 
regression 
 

 ,   (10) 

 
where  for the treated group and  for the control group. If we only 

have two periods, the parameters (  can be estimated by OLS. Otherwise, 
it is appropriate to use the robust standard errors adjusted for clustering (cf. 
Bertrand et al. 2002).  is the assumed parallel trend if the treatment does not 

have an independent effect on the treated group.  is the difference in the 

outcomes for the treated group and the control group before the event.  is the 
DiD estimate of the effect of the event on the treated group. 
 
In Article IV, the event is the implementation of the Bank Resolution and 
Recovery Directive (BRRD). The treated group is formed by banks that reside in 
an implementing country, and other banks form the control group. Some 
countries do not implement the legislation, and other countries enforce the 
legislation at different dates, which provides a natural split into treatment and 
control groups. The outcome is the interest rate that the bank pays in the 
interbank market. We also introduce a further explanatory variable in (4) (the 
size of the bank), the coefficient of which could change following the event. 
 
There are two factors that increase the risk that DiD analysis may not give a 
conclusive result for the effect of BRRD. First, it is not clear whether the effect 
should occur at the exact implementation date, or gradually over time. On the 
other hand, using a longer time-window would risk confounding effects from the 
crisis episodes and related ECB operations. Second, it’s also possible that the 
effect for short maturity loans could be dampened due to their exclusion from the 
immediately bail-innable funds. For these reasons, we do additional analysis with 
dummy variables corresponding to developments in the legislative process and 
comment on additional checks with longer maturity loans. 
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3. Results 

Article I: Indicators used in setting the countercyclical capital 
buffer 
 
Articles I and II deal with systemic banking crisis prediction. There are many 
definitions of a systemic banking crisis. Still, quite generally, it can be thought of 
as a situation when a country's banking sector has bank runs, significant losses in 
the banking system, or bank liquidations (cf. Laeven and Valencia, 2012). In the 
first article (henceforth, the indicator study), we survey and test which indicators 
best predict the outbreak of a banking crisis. Thus, the focus is on the variables. 
In contrast, in the second article discussed in the next subsection, the focus will 
be on making most out of a set of variables by using advanced modeling 
techniques.  
 
The motivation for the indicator study was to collect and test a broad set of early 
warning indicators to inform decisions regarding the so-called countercyclical 
capital buffer (CCB, or often CCyB for countercyclical buffer). The CCyB is a 
financial stability policy instrument whose purpose is to mitigate the harmful 
effects of credit cycles.  The idea of the CCyB is to strengthen the banks' capital 
buffers during times when vulnerabilities in the banking system build-up. On the 
one hand, the incremental capital requirements can dampen down credit growth. 
On the other hand, the banks would be more resilient in the possible event of a 
crisis. In any case, the early warning indicators would be used to identify periods 
likely related to a build-up of banking crisis risk. 
 
The article contributes to a vast literature of early warning indicators (reviewed 
in the article, so we do not repeat it here). Here, our goal is to find suitable 
indicators in several categories of risk, 

1. credit developments, 
2. the private-sector debt burden, 
3. potential overvaluation of property prices, 
4. external imbalances, 
5. potential mispricing of risk, and 
6. strength of bank balance sheets. 



 23 
 

 
In the study, we first perform a literature survey that encompasses 30 articles that 
use panel data to predict banking crises. Owing to the different setups in the 
articles, the predictive power of the indicators could not be directly compared. 
However, we report whether the indicator is a statistically significant predictor in 
the main specifications reported in the articles. According to the literature survey, 
among the most generally used and consistently significant indicators are 
indicators like credit, credit relative to GDP, debt servicing costs, house prices, 
stock prices, interest rates, current account deficit, bank leverage, and non-core 
liabilities. 
 
In the testing phase, we include those above and many other predictors. The 
methodology is similar to Detken et al. (2014). We collect an unbalanced 
quarterly panel of indicator data for EU-28 countries for the period 1970 to 2012. 
Adapting to a reasonable time frame for CCyB policy decisions, we set the 
prediction horizon to 1 to 3 years. We also primarily use the ESRB crisis dataset, 
which aims to capture credit booms. Among the robustness checks, we consider 
alternative prediction horizons and crisis datasets. 
 
The results broadly align with the findings of the literature survey, but 
importantly allow to some extent rank the different indicators using performance 
scores (AUC and relative usefulness). Based on the performance scores, the 
credit-based indicators, debt-service ratio, and house prices are among the most 
informative indicators. However, the results for some other indicators such as 
current account deficit and bank balance sheet variables suggest less robust 
prediction performance; and the performance either did not carry to out-of-
sample or were not robust across different crisis datasets. We also discover two 
new indicators (low) VIX index and (low) high-yield bond spread that were 
informative predictors across different datasets.  
 
The main contributions of the article are the extensive literature survey and tests 
of the indicators, which should be useful for policymakers in Europe. We don't 
give numerical trigger values for the indicators, but instead, recommend that the 
policymakers use judgment when incorporating the information from the 
indicators to their decision making. 
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Article II: Predicting systemic financial crises with recurrent 
neural networks 
 
Once we have a set of candidate early warning indicators, the predictions can 
typically be made more accurate by combining the indicators in a multivariate 
prediction model. Traditionally the early warning models are put together using 
logit or probit model. However, in the past 15 years, there has been increasing use 
of various machine learning methods in the field (as reviewed in Article II). In 
particular, neural nets have been successfully used in banking crisis prediction in 
many studies. From an econometric perspective, the neural nets can provide 
parsimonious function approximations that help in forecasting non-linear 
phenomena. Although the amount of crisis data is not comparable to the large 
datasets used with very deep neural nets in, say, image or speech recognition, the 
crisis prediction can well benefit from smaller neural nets. 
 
In the past few decades, the increase in computing power has spurred a lot of new 
research with neural nets. Article II leverages on the recent advantages in dealing 
with sequence data with so-called recurrent neural nets (RNNs). The gating 
mechanisms introduced by (Hochreiter and Schmidhuber, 1997) and (Cho et al., 
2014) have made it possible to estimate RNNs that are numerically stable and can 
retain past events in memory for extended periods of time. Such networks have 
been used successfully in forecasting applications, but generally, their application 
in economics has been quite limited. In Article II, we benchmark the modern 
RNNs against more basic neural nets and the logistic model. The competing 
neural network architectures are illustrated in Figures 1-4 in Article II (see Annex 
in the respective article for details of the neural net models). The RNNs 
considered here include a basic RNN, a Long-Short Term Memory RNN 
(Hochreiter and Schmidhuber, 1997), and a Gated Recurrent Unit RNN (Cho et 
al., 2014). Our main result is that the gated RNNs outperform both the basic 
neural nets and logistic models. The advantage derives from the recurrent neural 
nets’ ability to make robust predictions with time-series data. 
 
We evaluate the crisis prediction performance with one to five-year prediction 
horizons using an annual unbalanced panel dataset by Jordá et al. (2017) that 
covers 17 countries over the period 1870-2016. The same dataset also includes 
financial crisis dates. The indicators used include one-year growth in credit-to-
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GDP ratio, GDP, house prices, and stock prices, and level of current account 
deficit (relative to GDP).  
 
In machine learning, the in-sample predictions are typically irrelevant as models 
with enough parameters can achieve a perfect fit. Hence the results are evaluated 
out-of-sample. We consider two types of out-of-sample evaluations: cross-
validation and sequential evaluation, which are both commonly used in the 
literature. In the country-by-country cross-validation, each country, in turn, is 
used as a test sample, while the other countries are used for estimation. In the 
sequential evaluation, the model is estimated for one time period and tested for a 
later period. We see a consistent performance advantage for the gated RNNs in 
cross-validation and sequential evaluation using various subsamples and 
prediction horizons. 
 
Often the neural nets are seen as black-box prediction devices that would not offer 
much interpretation for their predictions. However, various methods to interpret 
the drivers of the neural net forecasts have been recently proposed (see Lundberg 
and Su-In Lee, 2017). We employ the method based on Shapley values, which 
decomposes the contribution of each predictor to the predicted probabilities (see 
the previous section for discussion). This approach is broadly similar to Bluwstein 
et al. (2020), apart from the fact that they use the prediction model with 
uninformative inputs instead of estimating a new model with a smaller set of 
explanatory variables. 
 
The Shapley value decomposition reveals that the LSTM recurrent neural net still 
largely prefers the same variables as the logit model. However, stock prices 
seemed to be particularly important for performance improvement in cross-
validation. In the sequential evaluation, the variables contributed more evenly. 
Also, we observed that the recurrent neural net needs to have a sufficiently rich 
set of predictor variables to outperform the traditional models significantly. 
Single variable models did not lead to statistically significant improvement. 
 
In summary, Article II demonstrates that modern neural net models can be 
advantageous in financial crisis prediction. It further investigates the model 
drivers and finds them to be broadly consistent with earlier literature. 
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Article III: Do banks' overnight borrowing rates lead their CDS 
price? 
 
Article III leaves the topic of financial crisis prediction but is still related to 
predicting bank stress. Every day banks borrow and lend money from each other 
in the interbank market. The associated interest rates are used to construct 
benchmark lending rate indices such as LIBOR and Euribor. However, the bank-
specific interbank market data can also be a source of indicators of banking 
problems. We construct a bank-specific risk measure of a bank's relative 
creditworthiness based on the premium that a bank pays for its overnight 
interbank funding. To the extent that the measure reflects the credit quality of the 
borrower, it can be interpreted as a health indicator for the bank. We investigate 
how this indicator compares to the leading market-based indicator, the bank's 
CDS price. 
 
The data comes from a proprietary dataset of TARGET2 money market loans, 
which is available for use within the Euro System. Although the dataset contains 
loans of all maturities, we focus on the overnight segment, which is the most 
liquid and most robust in terms of the data quality. The CDS was chosen as the 
benchmark because it is regarded as the leading public information of credit risk 
(see e.g. Blanco et al. 2005 or Arora et al. 2012). Moreover, quotes for large banks 
are available on a daily level, and the contracts are reasonably liquid. 
 
The interbank loans arise from bilateral agreements, so in principle, the price can 
contain private information before it is incorporated into the price in public 
markets. Earlier research has already shown that interbank rates reflect 
borrower's credit risk characteristics but also lending relationships. Therefore, we 
focus on how fast credit risk is priced in the overnight interbank loans and to 
which extent they contain private information. To best of our knowledge, these 
have not been considered before. 
 
The data covers the period 2008-2013. The transactions are filtered from 
TARGET2 data using an algorithm similar to Furfine (2001) implemented in 
Arciero et al. (2016). The overnight loan data, which is available by the 
transaction timestamp, is aggregated to a daily level and covers a period from 
June 2008 to the end of December 2013. The sample consists of 60 banks that 
have regular CDS quotes and frequent borrowing in the money market.  
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We use the VAR and VECM framework to summarize the dynamic relationship 
between the overnight loan price and the CDS price. The methodology is largely 
adopted from Blanco et al. (2005), who investigate the relationship between 
corporate bond yields and CDS prices. The VECM structure allows us to calculate 
the Hasbrouck and Granger-Gonzalo price discovery measures. 
 
Consistent with the understanding that the purpose of the interbank market is 
liquidity provisioning and not the price discovery (cf. Holmström, 2015), we find 
that price discovery usually takes place in the CDS market. Figure 5 in Article I 
shows the evolution of price discovery measures. The figure is interpreted such 
that values closer to 1 mean that the price discovery takes place in the CDS 
market, and values closer to 0 indicate that the price discovery takes place in the 
overnight market 
 
 
We also find evidence that the overnight rates sometimes contain private 
information, which is not immediately reflected in the CDS market; in other 
words, AOR Granger causes the CDS (see Table 4 in Article III). The private 
information in the overnight rates seems to be mostly present at times of market 
stress. It is primarily related to banks, which mainly borrow through a long-term 
relationship (Table 6 in Article III). These are typically smaller banks that have 
weak credit ratings and were often located in the GIIPS countries. 
 
An implication of Article III is that the overnight borrowing rate can be a useful 
measure of bank risk, especially in stressed times. Although we cannot test this 
directly, the loan rate could be particularly helpful information for monitoring 
smaller banks that do not have public credit risk measures such as CDS or bond 
spreads. An obvious caveat is that the observed bank needs to be active in the 
unsecured overnight market. This may not be the case if the creditors require 
collateral or when the lenders refuse to lend money altogether.  

Article IV: Have Too-Big-To-Fail Expectations Diminished? 
Evidence from the European Overnight Interbank Market 
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Article IV continues the interbank market theme and utilizes data of overnight 
loans filtered from the TARGET2 payment system for the period 2008–2016. 3 
We investigate the determinants of overnight loan rates, especially from the 
perspective of whether they have been altered by the introduction of the new bank 
resolution rules in the EU (the Bank Recovery and Resolution Directive, BRRD). 
The new rules facilitate an orderly restructuring of a failing bank such that the 
equity and debt holders bear the costs. In other words, instead of bank bail-outs 
by public money, there would be bail-ins for larger banks and regular bankruptcy 
procedures for smaller banks. The change could make the interbank loans more 
sensitive to borrower risk characteristics and less sensitive to the borrower's 
systemic importance, which may be measured by the size of the balance sheet. A 
caveat is that short maturity interbank loans are exempted from the immediately 
bail-innable debt in the BRRD. 
 
 
We match the loan data with each borrower bank's characteristics from 
BankScope and construct bank relationship variables based on the payment 
system's data. First, we analyze the determinants generally via a panel regression 
where the determinants are used to explain bank-specific interest rate premiums 
similarly as in Furfine (2001), see Table 2 in Article IV. We find that both credit 
risk and relationship characteristics help explain the observed rates. The 
supplementary material (see Table S1) also shows that the determinant that 
works best across different years is the bank size (measured by the logarithm of 
total assets). Thus, the results mean that cheaper funding for large banks is a 
pervasive feature in the money market data. 
 
There are several explanations for why the bank size is such a strong predictor of 
the borrowing rates. 1) A large bank potentially has a significant market share in 
the overnight market and borrows from a larger number of lenders, which 
converts to bargaining power when negotiating the rates. 2) A large bank is 
potentially more diversified and may exhibit economies of scale, which justifies a 
lower borrowing rate (cf. Hughes and Mester, 2013). 3) A large bank may benefit 
from an implicit government guarantee (high expected bail-out probability). 

 

3 More precisely, the data period extends from June 2008 to September 2016. Following the ECB's 
decision to set the deposit facility interest rate to a negative value from 11 June 2014 onwards, a 
large portion of the overnight rates henceforth takes place at negative interest rates. Thus we had 
to amend the algorithm by Arciero et al. (2016) to allow for negative interest rate loans. 
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We consider a few alternative approaches when we investigate whether the large 
banks' funding cost advantage could be related to bail-out expectations. In the 
basic analysis, we aim to control for economies of scale, the diversification, and 
market power by including control variables ROE, a measure of geographic 
diversification, and the number of overnight market counterparties. The funding 
cost advantage is robust to the inclusion of the controls and seems to be most 
significant at times of market stress. In an auxiliary regression, we show that 
banks owned by governments with solid finances exhibit a funding advantage, 
but it does not depend on the bank size. These findings support the notion that 
part of the coefficient of bank size could be attributed to implicit government 
guarantees that depend on bank size. At the very least, they show that the large 
banks may be perceived as safe havens for overnight deposits at times of market 
stress. Despite the controls, it is still possible that the cost advantage related to 
bank size could be related to factors other than TBTF. Hence, we turn to 
investigate the behavior of the borrowing rates around the implementation of 
new resolution rules that should have affected the TBTF subsidies. A change in 
the size premium following the new rules would be seen as evidence of a change 
in the TBTF subsidy. Along similar lines, we investigate if the size premium reacts 
to actual bail-in events that took place during the sample period. 
 
We carry out these investigations through a difference-in-difference (DiD) 
analysis (see Table 4 in Article IV). The DiD analysis shows no change in the size 
premium around the BRRD implementation dates.4 Nevertheless, the size 
premium decreases significantly following the actual bail-in events, which 
supports the notion that at least part of the size premium is related to TBTF 
subsidies.  
 
The non-result around the BRRD implementation could well result from more 
gradual pricing-in of the new resolution framework. Hence, we implement 
dummy regressions to investigate potential gradual changes during the period 
2012–2016 (Table 5 in Article IV). We find that the funding cost advantage of 
large banks has reduced (especially in GIIPS countries) over the years that the 

 

4 Although the main analysis was conducted using overnight loans, we confirmed that there was 
also no change for longer maturity interbank loans. 
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new resolution framework was implemented. However, for the long-term 
analysis, the monetary policy operations of the ECB are a confounding factor. 
 
The contribution of the article was to analyze the interbank rate determinants in 
Europe and investigate the issue of TBTF in some detail. While the data does not 
allow us to unambiguously attribute the funding cost advantage of the large banks 
to different sources, we come up with findings that can benefit future work in this 
area. The large banks in Europe have benefited from a consistent funding cost 
advantage, and especially the large banks in safe countries seem to have been 
perceived as safe havens at times of market stress. When considering the effects 
of the new resolution regulation, it may be more helpful to look for gradual 
change than a sudden change around the BRRD implementation dates. 
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4. Discussion and Conclusions 

The four articles that we have discussed make overlapping contributions in the 
fields of applied time series analysis, banking crisis prediction, central banking, 
financial stability policy, money markets, and banking.  
  
Articles I and II are contributions in the early warning literature of banking crises. 
This literature dates back to the pioneering work by Demirgüc-Kunt and 
Detragiache (1998, 2000), Kaminsky and Reinhart (1999), Hardy and 
Pazarbasioglu (1998), and Caprio and Klingebiel (1997). During past 20 years, 
this literature has grown by dozens of studies that investigate the causes of 
banking crises, provide new data sets of financial crisis events (e.g., Laeven and 
Valencia, 2012; Reinhart and Rogoff, 2009; Schularick and Taylor, 2012) or 
optimal indicators for policy use (e.g., Drehmann and Juselius, 2014; Detken et 
al., 2014), and other related issues. In layman terms, this literature demonstrates 
that unlike many natural disasters, banking crises are predictable. Naturally, we 
need to understand that the predictions are only probabilistic. Still, even if the 
crisis in a particular country are often triggered by external events, it is the 
underlying vulnerabilities that are measurable and can be taken into account in 
formulating pre-emptive policies.  
  
What sets Article I apart in this literature is that it summarizes a broad set of early 
warning indicators identified by the previous studies and benchmarks them 
against each other in a much more comprehensive way than is usually done. Not 
only does the study consider more indicators than any earlier single study, but it 
also considers various transformations, alternative prediction horizons, 
alternative crisis datasets, and both in-sample and out-of-sample predictions. 
  
Since the early days, the early warning literature has also gone forward in terms 
of models. Many recent articles have demonstrated the advantages of machine 
learning methods (e.g., Holopainen and Sarlin, 2017; Bluwstein et al., 2020), 
although some contrary evidence exists as well (see Beutel et al., 2019). The 
machine learning methods implemented in these articles are often not 
particularly new anymore. Article II shows that the recent advantages in the field 
of recurrent neural nets can be successfully harnessed to obtain more accurate 
predictions of banking crises. 
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The work in Articles I and II could be continued in many ways. Article I is 
restricted to European countries, but the banking crises remain an issue for a 
larger set of countries. It could be investigated whether the same indicators are 
useful for non-European advanced economies and non-advanced economies. The 
analysis could also be extended by linking the indicators with the level of the 
countercyclical capital buffer. The literature survey could be extended to a 
quantitative meta-analysis. In future work related to Article II, one could consider 
datasets with shorter frequency and other explanatory variables. It would also be 
interesting to try the technique for different types of crises, including currency 
crises and recessions. 
  
Article III and IV dealt with the interbank money market. Part of this literature is 
also related to banking crises in so far as the crises can spread through the 
interbank linkages (see Upper and Worms, 2004). The money market can also 
react strongly to a banking crisis when the banks' trust toward each other is 
hampered (see Afonso et al., 2011; Angelini et al., 2011). The resulting scarcity for 
liquidity is why the ECB had to switch to fixed-rate full-allotment policy in its 
open market operations, to provide enough liquidity for the banks. Articles III 
and IV investigate pricing in the European money market during a period that 
encompasses the global financial crisis and the Euro area debt crisis.  
  
The literature on interbank money markets is also vast but somewhat limited by 
the availability of data since the datasets are typically proprietary and often not 
available for research purposes. A seminal study with interbank loan data is 
Furfine (2001), who investigates the loan pricing in the Federal Funds market. 
Besides considering a much longer data set that covers the whole Euro area, 
Articles III and IV extend the analysis of Furfine (2001) in several directions as 
discussed below.  
 
Article III investigates how fast credit risk is priced in the overnight rates. Our 
finding that overnight rates can lead CDS prices suggests that overnight rates can 
have private information. The lead seems to be related exclusively to times of 
market stress which is consistent with Dang et al. (2015), who describes how a 
money-like debt instrument can become sensitive to the borrower's risk when 
there sufficiently bad new concerning the items that are serving as implicit or 
explicit collateral. For comparison, Acharya and Johnson (2007) show that a 
firm's CDS prices typically lead their stock price, and Blanco et al. (2005) show 
that CDS prices lead corporate bond spreads. A potential extension of Article III, 
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could make use of transaction level data of the CDS market. Such data could have 
an information advantage over the publically available CDS quotes (see Bilan et 
al. 2020). 
  
Article IV extends the Furfine (2001) analysis of overnight rate determinants. It 
also analyses the effects of resolution reform on the cost of interbank funding for 
large banks. Our finding that large banks obtain cheaper interbank financing is 
consistent with the earlier studies by Furfine (2001) and Cocco et al. (2009). Also, 
Angelini et al. (2011) report that overnight loans become sensitive to borrower's 
size (among other things) following 2007-08 events, which is consistent with our 
findings. Also compatible with our results, Schäfer et al. (2016) find that bail-in 
expectations may depend on the sovereign's fiscal strength and market reactions 
may be more important than the implementation schedule of legal reforms. 
  
With regard to future work with pricing determinants in the money market 
dataset, one could investigate alternative competition measures (such as Lerner 
or Boone type index). One could also examine the role of lender characteristics in 
loan pricing. 
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