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Abstract

Since the recent surge in inflation and positive real interest rate, financial fragmentation risk
is again a matter a fear in the euro area. This paper proposes an evaluation of the fragmentation
risk building a novel high-dimensional dataset covering a wide range of fields within 10 European
countries over the period 2007-2024. This Big Data dataset has been exploited by a new machine
learning technique (XGBoost) to find evidence of the financial fragmentation risk in the Euro Area.
It turns out that the predicted long-term yield spreads of peripheral countries rise while those in
core countries’ rise remain contained or even decrease. This divergence in yield differentials put a
lot of scrutiny on the action of the ECB and call for policy guidance to manage a new European
sovereign debt crisis.
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Non-technical summary

The financial fragmentation risk in the Euro area has been rekindled since the COVID-
19 pandemic, the FEuropean energy crisis and the war in Ukraine. The induced eco-
nomic turmoil disrupts ECB’s mandate to tame inflation as the economic soundness
of highly indebted countries is affected by the rate hikes;

This paper leverages Big Data and machine learning techniques to predict financial
fragmentation risk within the Euro Zone;

The Big Data dataset encompasses several macroeconomic and financial categories of
variables from ten Euro-Zone countries from March 2007 to January 2024 (monthly
frequency) and gathers more than 900,000 observations overall;

XGBoost, a novel Gradient Boosted Machine technique, is used as our main Machine
Learning technique to extract the most significant features of our dataset in order to
predict 10-year sovereign spreads 6-months ahead;

The main result of our analysis is in line with the recent literature regarding the
resurgence of Financial Fragmentation risk: peripheral countries are predicted to have
higher long-term yield spreads while core countries yield spreads’ rise remain contained
or even decreases;

Our analysis categorizes Austria, the Netherlands and Finland as core countries while
peripheral countries are Portugal, Spain, Italy, Ireland, Greece as well as -for the first
time ever- France and Belgium;

The divergence in yield spreads can be explained by “contagion” and/or “flight-to-
quality” behaviors from investors, revealing the dynamics between core and peripheral
countries;

In conclusion, financial fragmentation risk is well and alive within the Euro zone,
calling for action from macroprudential experts and providing a working ground for
academic researchers.
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1 Introduction

The Great Financial Crisis in 2008 and the European Sovereign Debt crisis in 2011 unveiled
the Euro area’s vulnerabilities. Since then, the Euro area’s financial landscape, particularly
its sovereign bond market has been a focal point. The introduction of the Euro as a common
currency seemed to pave the way towards a convergence, in sovereign bonds across mem-
ber states. However, as debt and deficit concerns intensified and diverged between Euro
countries, investors began discerningly differentiating between sovereign bonds issued by
FEuro area countries, thereby sowing the seeds of fragmentation among core and peripheral
countries.

Financial fragmentation risk appears as the divergence in the sovereign bonds yield spreads
across countries. At the apogee of the Euro Area crisis, yield spreads for countries such as
Portugal, Spain and Greece skyrocketed. In contrast, those for countries like Austria, the
Netherlands or Finland remained relatively stable as shown in Figure 1.

Figure 1: Euro area sovereign spreads
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Notes: 10-years sovereign bond spreads for Euro area countries under study (Austria, Belgium, Finland,
France, Greece, Ireland, Italy, the Netherlands, Portugal and Spain). The benchmark country is Germany.
Weekly data retrieved from Bloomberg. Grey sections indicate the timing of the Great Financial crisis, the
European Sovereign Debt Crisis and the COVID-19 crisis.

On the one hand, this divergence reflects “contagion” in sovereign bond markets, where
financial stress in one country raises borrowing costs in others (Favero & Missale, 2012).



This relationship arises from investor perceptions of shared risks, such as potential Euro
area financial fragmentation, which amplifies spreads across countries. On the other hand,
in search of safer havens, investors might flock to bonds perceived as less risky, driving their
yields down, implying a “flight-to-quality” behavior from investors (Beber et al., 2009).
High-indebted countries running large deficits, and grappling with solvency concerns, wit-
nessed their borrowing costs increase, further straining their fiscal positions. In contrast,
countries perceived as economically sound enjoyed reduced borrowing costs, further solidify-
ing their stable economic position. This divergence in borrowing costs reflects heterogeneous
risk premia between countries using a unique currency. It therefore generates a risk of the
split into ”two-speed” Euro area opposing core and peripheral countries, reported as the
fragmentation risk. In response to the crises and the fragmentation risk, the European Cen-
tral Bank (ECB) and other European institutions embarked on a series of measures. The
Outright Monetary Transactions (OMT) program, unveiled by the ECB in 2012, aimed at
mitigating sovereign bond market fragmentation. By committing to potentially unlimited
purchases of sovereign bonds under specific conditions, the ECB sought to reassure market
concerns and foster integration.

While policy measures have reduced fragmentation risk over the past decade, the path
to complete integration remains fraught with challenges. Structural impediments, such as
incomplete banking integration, disparities in national regulations, and the absence of a
cohesive fiscal policy, continue to undermine the efforts towards a convincing Euro area
integration. !

This paper proposes to propose novel forecast of the sovereign yield spreads to provide
evidence of financial fragmentation risk in the Furo area. The first objective is to identify
the divergence of spreads among peripheral and core countries in the Euro area. Highly
indebted countries should exhibit rising yield spreads driven by “contagion” whereas sound
economies would benefit from “flight-to-quality” and experience decreasing yield spreads.
The second objective is to identify which countries are core or peripheral in the Euro area.
As the economic and financial soundness of countries may change over time, their belonging
to one of the binary clusters is not guaranteed. Indeed, countries with rising debt and large
public deficit but being part of the core cluster may shift towards the peripheral cluster.
The converse scenario is also possible: a country whose debt stabilizes and whose public
deficit is sustainable can shift from the peripheral to the core cluster.

To this aim, we exploit Big Data, specifically a novel high-dimensional dataset. This dataset
gathers as much data as available for each of the ten countries under study, leading to a total
of 900,000 monthly observations over the March 2007 to January 2024 period. This paper
considers every aspect of a country’s economic landscape, ranging from labor market indica-
tors to sectorial data, from price indexes to housing & real estate markets, from government
finances to demographics. This paper is one of the first we have knowledge of to leverage
Big Data to predict financial fragmentation risk, yet such amount of data would not prop-
erly fit regular econometric models due to the “Curse of dimensionality” (Bellman, 1966).

1. See Candelon, Luisi & Roccazzella, 2022
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Figure 2: Euro area sovereign spreads
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Notes: 10-year sovereign bond spreads for Euro area countries under study (Austria, Belgium, Finland,
France, Greece, Ireland, Italy, the Netherlands, Portugal, and Spain). The benchmark country is Germany.
Weekly data retrieved from Bloomberg.

As dimensions grow (i.e. the number of variables in the model), traditional econometric
models become less efficient due to sparse data distribution and difficulties in identifying
relevant variable relationships. This sparsity reduces the reliability of parameter estimates
and exacerbates over-fitting. In contrast, machine learning models incorporate techniques
like regularization or variable selection, allowing them to manage high-dimensional spaces
more effectively, to capture complex patterns, and to mitigate the limitations imposed by
dimensionality.

In this study, we explore the application of Machine Learning techniques in two critical
areas: (i) we conduct a horse race between 14 different Machine Learning techniques to
find which algorithm fits best our dataset and hence provide insights into the power of
Machine Learning in variable selection. Three main categories of Machine Learning frame-
works are selected, namely linear, non-linear and rule based methods. Each algorithm is
run for each country, collecting comparable accuracy metrics such as the Root Square Mean
Error (RMSE), Mean Absolute Error (MAE) and R?. We find that the gradient-boosting
framework within the rule-based category suits our dataset best. Hence, (ii) using the lat-
est advances in machine learning, and more specifically the XGBoost algorithm, this paper
aims at providing insights on the predictability power of Machine Learning applied to the
10-year yield spread of the ten Euro Area countries under study and finding evidence of



the latent financial fragmentation risk. Indeed, our empirical results suggest that the frag-
mentation dynamics between core and peripheral country is still at work. More worryingly,
France and Belgium -two formerly core countries- have swung into the peripheral category,
bringing back the fragmentation risk in the frontstage.

This paper is structured as follows : the related literature is presented in Section 2 ; the
novel dataset is introduced in Section 3 ; Section 4 provides an in-depth explanation of the
different machine learning techniques and the horse race methodology. Finally, empirical
results are analyzed in Section 5.
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2 Literature Review

2.1 The determinants of sovereign bond yields and spreads

In order to understand the financial fragmentation risk, it is important to understand what
the determinants of sovereign bond yields and spreads are. They encompass macroeco-
nomic fundamentals, market dynamics, institutional frameworks and political factors. The
interaction of these elements became particularly evident during the European Sovereign
Debt (ESD) crisis, where yield spreads became particularly significant, capturing the senti-
ment of market participants regarding individual sovereign risk and the stability of specific
economies within the Euro area.

Macroeconomic fundamentals remain the main determinant of sovereign bond yields. A
country’s debt-to-GDP ratio, fiscal deficit and economic growth are among the primary
indicators analyzed by investors. Bernoth et al. (2004) highlight that deviations from fiscal
sustainability, especially in the context of the Maastricht criteria, are strongly correlated
with higher yield spreads. High debt ratios not only reflect a greater likelihood of repay-
ment challenges but also signal potential inflationary pressures, particularly in the absence
of fiscal discipline. Afonso et al. (2011) extend this analysis by quantifying the impact of
fiscal announcements on yields, finding that markets respond more sharply to unexpected
deviations from fiscal targets. Similarly, Aizenman et al. (2013) examine the role of macroe-
conomic imbalances, such as current account deficits and inflation, in driving spreads. Their
findings suggest that, beyond fiscal metrics, structural vulnerabilities in the economy exac-
erbate perceived risks, particularly during global downturns.

Market behavior is another critical determinant. The role of credit ratings in influencing
market dynamics is explored by Afonso et al. (2012). Their research shows that downgrades
by major credit rating agencies significantly widen yield spreads by signaling increased
sovereign risk to investors. Conversely, positive credit rating actions have a muted impact,
reflecting asymmetric market responses to good and bad news. Market volatility, often
represented by measures such as the VIX or the Euro STOXX 50 index, also plays a pivotal
role. Codogno et al. (2003) document how heightened volatility increases risk premiums,
disproportionately affecting countries perceived as less stable. This dynamic underscores
the importance of maintaining macroeconomic and fiscal stability to buffer against external
shocks. Behavioral factors such as investor sentiment and herd behavior also contribute
to yield dynamics. Arghyrou and Kontonikas (2012) explore how self-fulfilling prophecies
during the ESD crisis led to liquidity crises in countries like Italy and Spain, even in the
absence of fundamental solvency issues.

Institutional factors, particularly the role of the European Central Bank (ECB), have sig-
nificantly shaped sovereign bond yields in the Euro area. The ECB’s ability to transmit
monetary policy uniformly across the Euro Area is crucial in determining yields and spreads.
Grandi (2019) investigates the bank lending channel of monetary policy in mitigating yield
divergence, finding that while measures like OMTs and QE have been successful in the
short term, persistent structural differences among member states continue to pose chal-



lenges. In addition, the introduction of unconventional monetary policies during the ESD
crisis marked a turning point. Altavilla et al. (2015) show that the ECB’s Quantitative
Easing (QE) measures lowered yields and spreads by reducing fragmentation in financial
markets and fostering liquidity. Additionally, Bernoth et al. (2004) highlight the success of
the ECB’s Securities Markets Programme (SMP) in alleviating pressures on bond markets
in peripheral countries. However, the lack of fiscal integration within the Euro area remains
a structural issue.

Another important determinant is political stability. Manganelli and Wolswijk (2007) em-
phasize that political uncertainty—whether from domestic governance issues or broader
geopolitical tensions—can lead to significant yield divergence. For instance, the heightened
uncertainty surrounding the war in Ukraine and its implications for the Euro area under-
score how political events influence bond market dynamics.

2.2 The impact of the Sovereign Debt Crisis (ESD)

The second step to understand the financial fragmentation risk in the Euro area is finding
evidence of it. This risk arises from the divergence in yield spreads that can be defined as
the persistent gap between the borrowing costs of core countries, such as Germany, Austria
and the Netherlands, and peripheral countries, including Greece, Italy and Spain. Hence,
this fragmentation risk undermines the principle of financial integration, which is founda-
tional to the European Monetary Union (EMU). The European Sovereign Debt crisis of
2010-2012 marked a pivotal period for the European Monetary Union revealing deep struc-
tural vulnerabilities. The perception by the market participants of different levels of risk
across countries within the Euro area significantly transformed the dynamics of sovereign
bond markets and revealed the financial fragmentation risk to the world.

Before the ESD crisis, sovereign bond yields in the Euro Area were remarkably low and
converged closely, reflecting market optimism about the benefits of monetary unification.
However, this apparent stability masked underlying risks. Favero and Missale (2012) argue
that sovereign bond markets were never fully integrated, even during the pre-crisis period.
Their findings demonstrate that despite low and co-moving spreads, market participants did
not perceive bonds from different Euro area countries as perfect substitutes. De Grauwe
and Ji (2013) argue that market complacency during the pre-crisis period led to insufficient
risk differentiation among Euro area countries, particularly between core and peripheral
economies. The global financial crisis of 2008-2009 acted as a precursor, exposing vulner-
abilities in fiscal sustainability and triggering an initial divergence in spreads as investors
reassessed sovereign risks. Candelon et al. (2022) emphasize that even before the crisis
formally began, early signs of fragmentation were evident in the differentiated impacts of
the 2008 financial crisis. While core economies like Germany and France benefitted from
capital inflows, peripheral countries such as Greece, Italy, and Spain faced mounting pres-
sures, with rising debt-to-GDP ratios and deteriorating fiscal balances.
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The ESD crisis began in 2010 when Greece revealed significant revisions to its budget
deficit, prompting a loss of market confidence. This revelation led to a sharp rise in Greek
bond yields and spreads, signaling the onset of a solvency crisis. Unlike Greece, which
faced fundamental fiscal insolvency, other high-debt countries such as Spain, Portugal, and
Italy encountered liquidity crises driven largely by market panic and contagion effects. The
interconnectedness of Euro Area economies means that shocks in one country often have
spillover effects on others. This contagion mechanism, as explored by Metiu (2012), includes
both direct linkages through trade and financial channels and indirect effects via changes
in market sentiment. De Grauwe and Ji (2013) highlight the role of self-fulfilling dynamics,
where rising yields increased borrowing costs, further straining public finances and deepen-
ing the crisis. Missio and Watzka (2011) document the spread of contagion across the Euro
Area, noting how market perceptions of one country’s fiscal distress influenced the yields
of others, particularly in the periphery. Simultaneously, investors fled to safe-haven assets
such as German Bunds, amplifying the divergence in spreads. This phenomenon of ”flight-
to-quality” was particularly acute during the peak of the crisis in 2011, with Italian bond
yields surpassing 7% and Spanish yields following closely. Conversely, the ” flight-to-quality”
mechanism exacerbates these effects, as capital moves from distressed economies to safer
ones. Beber et al. (2009) provide evidence of ”flight-to-quality” and ”flight-to-liquidity”
phenomena during periods of market distress. Their research reveals that investors dispro-
portionately allocate funds to low-risk, highly liquid assets like German Bunds when faced
with systemic uncertainty. This behavior amplifies yield spreads, particularly for coun-
tries with weaker fiscal positions or less liquid bond markets. The crisis also highlighted
the issue of redenomination risk—the fear that some countries might leave the Eurozone
and redenominate their debt in a devalued national currency. De Santis (2015) shows how
this risk significantly influenced bond spreads during the crisis, particularly in peripheral
countries, as markets priced in the possibility of a Euro area breakup. Studies by Zaghini
(2016) on corporate bond markets and Gabrieli and Labonne (2018) on interbank lending
also highlight how the investors’ behavior during the crisis also extends beyond sovereign
bond markets.

Policy responses to the crisis evolved over time, beginning with ad hoc bilateral loans to
Greece and eventually culminating in the creation of the European Stability Mechanism
(ESM) in 2012. However, the most decisive interventions came from the European Central
Bank (ECB). Mario Draghi’s ”Whatever it takes” speech in July 2012 marked a turning
point, signaling the ECB’s commitment to preserving the Euro. This announcement was
followed by the launch of the Outright Monetary Transactions (OMT) program, which al-
lowed the ECB to purchase sovereign bonds of distressed countries under strict conditions.
Altavilla et al. (2015) demonstrate the effectiveness of the ECB’s actions in reducing spreads
and restoring market confidence.

Despite the ECB efforts to narrow yield spreads and the fiscal reforms undertaken by
several Kuro area countries, the COVID-19 pandemic reignited concerns about financial
fragmentation within the Euro area. The implementation of large-scale fiscal measures to
address the economic impact of the pandemic led to surging debt levels, particularly in pe-
ripheral countries. Candelon et al. (2022) emphasize that the divergence between core and
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peripheral countries persisted beyond the ESD crisis, albeit at reduced levels, as structural
imbalances and high debt levels remained unresolved. Costola and lacopini (2023) provide
further evidence that fragmentation risk remains a pressing issue. Using a time-varying
cointegration framework, they propose an indicator to assess the probability of fragmen-
tation in the Eurozone sovereign bond market. Their findings reveal that the probability
of fragmentation increases during systemic stress events, such as the COVID-19 pandemic
and decreases in response to ECB interventions aimed at stabilizing markets.

This residual fragmentation reflects ongoing concerns about fiscal sustainability, economic
resilience and the adequacy of institutional frameworks, especially regarding the lack of
fiscal integration within the Euro. Addressing those concerns requires both short-term in-
terventions and long-term structural reforms. In the short term, the ECB’s unconventional
monetary policies, such as asset purchase programs and targeted longer-term refinancing
operations, have been effective in mitigating immediate risks. However, long-term solutions
must address the root causes of fragmentation. Proposals for Eurobonds or a centralized
fiscal authority aim to pool risks and ensure more uniform market treatment of Euro area
sovereigns. Corsetti and Dedola (2016) argue that the absence of such centralized fiscal
authority creates asymmetric exposure to market pressures, as individual countries bear
the full burden of risk perception. This dynamic was at play during the ESD crisis, when
the solvency concerns of weaker economies were not counterbalanced by collective fiscal
guarantees. Additionally, the crisis underscored the importance of fiscal integration with
ongoing debates about the potential role of Eurobonds and mutualized debt as tools for
addressing future crises (Ando et al. (2023) ; Gilbert et al. (2013)).

2.3 Machine Learning

The existing literature on financial fragmentation, while extensive, faces limitations in ad-
dressing the complexity and dynamism of global macroeconomic and financial markets.
Traditional econometric approaches often fail to account for a broad range of variables,
such as demographic trends, survey data and market sentiment, which play critical roles
in shaping the investor’s behavior. Moreover, by construction, these methods typically
struggle to capture the intricate relationships and interactions among these diverse set of
variables. In contrast, Machine Learning (ML) techniques —such as LASSO, decision trees
or neural networks—excel at modeling such complexities by leveraging their ability to iden-
tify non-linear patterns and manage large datasets effectively.

The advent of Big Data has further highlighted the constraints of traditional econometric
models, particularly their susceptibility to the ”Curse of dimensionality” (Bellman (1966)).
This issue arises when an overabundance of predictors (i.e. explanatory variables) intro-
duces high parameter estimation errors, limiting the statistical reliability of the model.
Machine Learning algorithms, with their built-in capabilities for variable selection and reg-
ularization, effectively address this challenge. By focusing on the most relevant variables
and ignoring less informative ones, these methods significantly enhance model precision and
reduce overfitting.

11
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The adoption of machine learning techniques has pushed the boundaries of research in finan-
cial economics, expanding the scope of data analysis and significantly improving predictive
accuracy. Recent literature has demonstrated the potential of ML to redefine research
methodologies in the field. For instance, Strader et al. (2020) identify promising direc-
tions for applying Artificial Neural Networks (ANNs), Support Vector Machines (SVMs),
and other artificial intelligence techniques to stock market prediction. Similarly, Gu et al.
(2020) show that ML-based approaches, such as decision trees and ANNs, deliver substan-
tial economic gains in asset pricing forecasts, outperforming traditional regression-based
models by a significant margin. Moreover, Fouliard et al. (2021) demonstrate the utility of
ML in developing early warning indicators for macro-financial crises, further solidifying its
role in predictive modeling.

Machine learning has also found applications in sovereign bond markets, particularly in
predicting bond spreads. Early contribution by Castellani and Santos (2006) explored the
potential of ML for forecasting the monthly yield of 10-year U.S. Treasury bonds. More
recently, Kim et al. (2020) compared various ML models, such as recurrent neural networks
(RNNs), long short-term memory (LSTM), and support vector regression (SVR), in an-
alyzing credit default swap (CDS) term structures. Their results demonstrated that ML
approaches consistently outperformed traditional models, such as the Nelson-Siegel frame-
work, in forecasting future term structures.

The Euro Area has similarly benefited from ML applications in sovereign bond spread anal-
ysis. Three recent studies stand out in advancing this field. First, Arakelian et al. (2019)
employed recursive partitioning strategies, including Random Forest and regression trees, to
stratify European sovereign risk using macroeconomic fundamentals and contagion metrics.
Their findings reveal a marked decline in Euro Area CDS contagion after the European
Sovereign Debt Crisis (2013-2017), attributed to improved contagion mitigation strategies.
Second, Balduzzi et al. (2022) highlight the temporal variability in the relationship between
macroeconomic fundamentals and Euro Area CDS spreads. By employing LASSO regres-
sion, they identify distinct macro-sensitive regimes, explaining fluctuations in sovereign risk
pricing over time. Their study underscores the evolving dynamics of sovereign bond markets
and the limitations of static models in capturing such changes. Third, Belly et al. (2022)
explore the effectiveness of multiple ML techniques—including XGBoost, SVR, Elastic Net
regression, Random Forest, and ANN—in valuing and pricing Euro Area sovereign risk.
Their findings demonstrate that ML methods not only outperform traditional Bayesian
Model Averaging (BMA) approaches but also capture the multifaceted drivers of sovereign
risk. These include macroeconomic indicators, global financial factors, and public senti-
ment, with the latter derived from innovative data sources such as Google Trends.

In this paper, we acknowledge the previous literature both in the field of financial fragmen-
tation and of machine learning by first running a horse race between 14 machine learning
techniques in order to identify the algorithm that fits our dataset best. Then, we predict
the 10-year sovereign spread of ten Euro Area countries over a 6-month horizon by leverag-
ing the advanced XGBoost algorithm, providing valuable information for policymakers and
investors.

12



3 Data

This paper introduces a novel dataset that stands out in its dimensionality. Aptly fitting the
criteria of “Big Data”, this dataset is characterized by its high dimensionality, encompassing
a diverse range of categories of variables across ten countries (namely Austria, Belgium,
Finland, France, Greece, Ireland, Italy, the Netherlands, Portugal and Spain). The dataset
includes monthly time series obtained through Bloomberg, over the March 2007 to January
2024 period, leading to a total of 902,741 individual observations, as detailed in Table 1.
All those observations fall within the distinct categories presented in Table 2.

Table 1: Variable and observation count

Country Number of variables Number of observations
Austria 193 39,179
Belgium 635 128,905
Finland 467 94,801
France 1,363 276,689
Greece 325 65,975
Ireland 368 74,704
Italy 316 64,148
Netherlands 197 39,991
Portugal 210 42,630
Spain 373 75,719
Total 4,447 902,741

The 10-year sovereign spread is a prevalent metric among market participants and aca-
demics for evaluating sovereign risk. We build our 10-year sovereign spread as the difference
between a country’s 10-year sovereign yield and the risk-free rate. For this purpose, we adopt
the German 10-year bond yield as the risk-free rate, reflecting its widespread acceptance as
the standard measure in both market practice and academic research for calculating Euro
Area spreads.

The vastness and granularity of this dataset not only provide a comprehensive view of
each country’s economy but also present unique challenges and opportunities for data pro-
cessing, analysis and modeling. By leveraging the dataset’s potential, this paper is able
to identify intricate relationships between the idiosyncratic characteristics of countries and
their yield spread, potentially generating more accurate and precise predictions. Hence,
the introduction of this novel dataset represents a notable contribution to the field, en-
abling a more refined and comprehensive understanding of Euro area country’s yield spread
dynamics.

13
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Table 2: Categories of variables for each country

National Accounts Services Sector Whole Economy Activity
Surveys & Cyclical Indicators International Trade Monetary Sector
Labor Market Price Indexes Government Finance & Debt
Retail Sector Housing & Real Estate Financial Indicators
Industrial Sector Household Sector Demographics

Tables 3 and 4 present descriptive statistics for sovereign bond yields and bond spreads
in eleven and ten Euro area countries respectively.For each country, the mean, median, stan-
dard deviation, variance, range, interquartile range (IQR), skewness, kurtosis, minimum,
and maximum values are reported. This subset of data consists of 203 monthly observations
per country, spanning from March 2007 to January 2024, with all figures rounded to two
decimals.

Table 3 presents the descriptive statistics for sovereign bond yields across eleven Euro
area countries. The mean bond yields reflect notable differences in borrowing costs across
the Euro area, with Greece exhibiting a significantly higher mean yield of 7.20%, highlight-
ing heightened risk premium and credit risk perceptions. Portugal, Italy and Ireland also
report higher mean yields, above 3%, relative to core Euro Area countries such as Ger-
many, France, Finland, Austria and the Netherlands in which mean yields are below 2%
on average. Median values align with mean yields for most countries indicating symmetric
distributions. Greece’s median yield of 5.32% is notably lower than its mean, hinting at pos-
itive skewness driven by periods of elevated yields, such as during the European Sovereign
Debt crisis . The standard deviation and variance indicate variability in bond yields, with
Greece showing the highest standard deviation at 6.13, signifying high volatility relative to
other Euro area nations. This heightened volatility is further evidenced by Greece’s wide
range of yields (from 0.60% to 32.60%), reflecting episodes of severe market stress during
financial crises. Portugal and Ireland also exhibit substantial volatility (standard deviation
above 2.85 for both countries), underscoring the uncertainty and risk during their periods
of economic turmoil. Conversely, countries like Austria, Finland, France, Germany and the
Netherlands demonstrate relatively lower variability as indicated by their lower standard
deviations (below 1.6), variance (below 2.5) and narrower ranges (below 540 basis points).
The IQR, which measures the difference in yields between the 75th and 25th percentiles of
each countries’ distribution, further highlights this trend with Greece and Ireland showing
the widest interquartile ranges (390 bps and above) while core countries exhibiting narrower
IQRs, indicating relative stability. Skewness values reveal the asymmetry in bond yield dis-
tributions. Positive skewness in Greece, Portugal and Ireland reflects episodes of sharply
increased yields while Italy, Spain, Belgium and France show minimal skewness, suggesting
a more symmetric distribution of yields over the sample period. Kurtosis values provide
insight into the distributional tails, with Greece having a high kurtosis value indicating
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a distribution with frequent extreme values typically associated with financial instability.
Other countries, such as Austria and Belgium, display more moderate kurtosis, suggesting
a lower occurrence of extreme values.

Table 3: Descriptive statistics for Euro area sovereign bond yields

Country Mean Median Std. Dev  Variance Range IQR Skew. Kurt. Min Max
Austria 1.83 1.73 1.57 2.47 5.33  2.68 0.24 1.68 -0.44 4.89
Belgium 2.04 2.08 1.63 2.66 5.36  2.96 0.15 1.56 -0.39 4.97
Finland 1.72 1.54 1.52 2.31 5.24  2.60 0.33 1.78 -0.43 4.80
France 1.88 1.99 1.48 2.20 5.22  2.49 0.18 1.71  -0.41 4.81
Germany 1.46 1.31 1.48 2.19 5.32 2.34 0.42 2.03 -0.70 4.62
Greece 7.20 5.32 6.13 37.60 32.01 5.19 2.06 7.82 0.60 32.60
Ireland 3.06 2.59 2.86 8.16 11.76  3.90 0.90 2.92 -0.31 1145
Ttaly 3.20 3.48 1.56 2.44 6.49 2.71 -0.02 1.87 0.54 7.03
Netherlands 1.69 1.63 1.53 2.35 5.36  2.48 0.32 1.84 -0.55 4.81
Portugal 3.87 3.21 2.96 8.77 15.64 2.84 1.31 4.97 0.03 15.67
Spain 2.84 2.98 1.79 3.21 6.79 2.87 0.12 1.78 0.04 6.83

Notes: Bond yields across 11 Furo area countries under study, based on 203 monthly observations
per country from March 2007 to January 2024.

Table 4: Descriptive statistics for Euro area sovereign bond spreads

Country Mean Median Std. Dev  Variance Range IQR Skew. Kurt. Min Max
Austria 0.37 0.29 0.24 0.06 1.13  0.27 1.24 4.25 0.04 1.18
Belgium 0.57 0.44 0.43 0.18 2.64 0.37 2.16 8.56  0.06 2.70
Finland 0.26 0.24 0.16 0.03 0.79 0.15 1.01 3.56 -0.01 0.78
France 0.42 0.36 0.22 0.05 1.28 0.22 1.63 6.85 0.04 1.31
Greece 5.74 3.68 6.04 36.43  30.58 6.47 2.09 7.86 021 30.79
Ireland 1.60 0.60 2.13 4.54 9.09 1.26 1.75 4.65 -0.66 8.43
Ttaly 1.73 1.56 0.94 0.88 5.01 0.90 1.18 4.73  0.20 5.20
Netherlands 0.23 0.20 0.13 0.02 0.78 0.18 1.29 548  0.03 0.81
Portugal 2.40 1.47 2.54 6.44 13.77  2.40 2.01 7.03 0.11  13.88
Spain 1.38 1.08 1.06 1.13 5.46  0.69 1.75 594  0.04 5.50

Notes: Bond spreads across 10 Furo area countries under study, based on 203 monthly observations
per country from March 2007 to January 2024. Germany is used as the benchmark for each other
country.

The descriptive statistics in Table 4 offer insights into the properties of the sovereign
bond spreads of each Euro area country under study relative to Germany, which serves
as the benchmark country (risk-free). The mean values reveal variation in spread levels
across countries. Greece exhibits the highest average spread at 5.74%, while countries such
as Austria, Belgium, Finland, France or the Netherlands maintain lower average spreads.
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Countries like Ireland, Italy, Portugal and Spain are in between, with spreads above 1%
on average but below 3%. Median values align again with mean values for most countries,
suggesting generally symmetric distributions with Greece being an exception due to its sig-
nificantly higher median and a broad range of spreads. The standard deviation and variance
provide insights into the volatility of spreads with Greece, Ireland and Portugal showing the
highest values. Conversely, countries like Austria, Finland, France and the Netherlands dis-
play lower volatility, highlighting their relative stability. The range further accentuates the
variability among countries with Greece, Ireland, Italy, Portugal and Spain showing exten-
sive ranges (above 500 bps), whereas Finland and the Netherlands exhibit narrower ranges
(below 100 bps). The interquartile range (IQR) follows similar patterns with Greece and
Portugal standing out due to their wider IQRs. Skewness and kurtosis provide information
on the distributional shape of spread yields. Positive skewness values across most countries
indicate right-skewed distributions, suggesting the presence of periods with abnormally high
spreads, particularly in countries such as Greece, Belgium and Portugal (above 2), where
the risk premia were markedly higher during periods of financial distress. High kurtosis
values for several countries, especially Belgium, Greece and Portugal indicate heavier tails,
suggesting frequent extreme values or outliers in their spread distributions.

These descriptive statistics highlight the substantial heterogeneity in bond yields and spreads
behaviors across Euro area countries with distinct contrasts in average levels, volatility and
distributional characteristics. These differences may give hints on whether a country be-
longs to the core or the peripheral country clusters. These differences highlight the divergent
divergent credit risk perceptions and market conditions that have characterized Euro area
sovereign bond markets over the past decade, reflecting both structural differences and the
impact of economic and financial crises on specific member states.
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4 Comparing Machine Learning techniques : a Horse Race

In this section, we begin by detailing each of the 14 Machine Learning techniques included
in our horse race. Subsequently, we present the results of this horse race.

4.1 Overview of the Machine Learning techniques

In order to find evidence of Financial Fragmentation, this paper exploits our novel high-
dimensional dataset. With so much data, conventional econometric models are not suitable.
This is why we employ machine learning. Indeed, machine learning offers a plethora of tech-
niques for variable selection, aiding in the identification of the most informative predictors in
high-dimensional datasets. In this paper, we perform a horse race of linear, non-linear and
rule-based techniques to find which machine learning methodology best fits our data. The
14 Machine Learning techniques competing in this horse race are : (1) Standard LASSO,
(2) Boosted LASSO, (3) Group LASSO, (4) Sparse-Group LASSO, (5) Ridge regression,
(6) Elastic Net regression, (7) Support Vector Regression, (8) Feedforward Neural Network,
(9) Decision Trees, (10) Regularized Trees, (11) Boosted Trees, (12) Stochastic Gradient
Boosting, (13) Extreme Gradient Boosting and (14) Light GBM, as presented in Table 5.

4.1.1 Linear Techniques

The group of linear techniques encompasses the LASSO, the Ridge and the Elastic Net
regressions. Before examining each linear technique in detail, it is worth noting that they
suffer from scale dependency. The algorithm’s effectiveness in selecting variables and as-
signing coefficients is influenced by the scale of the predictor variables. Linear techniques
penalize the absolute size of coefficients, shrinking less important coefficients toward zero.
However, the magnitude of each variable’s coefficient depends on the variable’s scale. For
example, in a dataset with two predictors, one measured in thousands and the other in
single units, LASSO would penalize the larger-scaled variable more heavily because its raw
coefficient value would typically be larger, regardless of its relative importance. This imbal-
ance can lead LASSO to shrink coefficients unevenly, selecting or discarding variables based
on their scale rather than their true contribution to the model. To mitigate this effect, we
standardize the predictor variables (mean of zero and standard deviation of one). By stan-
dardizing our data, we ensure that each variable’s scale is comparable, allowing LASSO to
more accurately apply penalties based on variable importance rather than scale differences.
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1 The LASSO models

First, the LASSO regression is a statistical method that performs both variable selection
and regularization in order to enhance the prediction accuracy of the statistical model it
produces. It modifies the OLS objective function by adding a penalty equivalent to the
absolute value of the magnitude of coefficients. Mathematically, the LASSO objective func-
tion can be expressed as:

n

1 A -
InﬁlnﬁZ(yi_yi)Q‘i‘)\lZ‘ﬁj’a (1)
i=1 =1

Where, y; is the observed response for the i-th observation, g; is the predicted response,
calculated as ; = X;8, where X; is the variable vector for the i-th observation, and S is
the vector of coefficients, n is the number of observations, p is the number of predictors
and Ap is the tuning parameter that controls the strength of the penalty imposed on the
coefficients. By shrinking the coefficients, LASSO controls the model’s complexity, ensuring
that it captures the underlying pattern in the data without being overly sensitive to the
training set. The regularization parameter \; plays a critical role here; as A1 increases, the
flexibility of the LASSO model decreases, leading to less complex models. The second term
of the equation is called the L1 penalty term.

Over the years, the regular LASSO methodology has been improved. New variants of
LASSO have been developed, notably the Boosted LASSO, the Group LASSO and the
Sparse-Group LASSO. Boosted LASSO merges the concepts of LASSO and boosting, a
powerful ensemble technique. Boosting involves building a model from the training data,
then creating a second model that attempts to correct the errors from the first model. By
combining this with LASSO’s regularization and its selection capabilities, Boosted LASSO
can handle complex datasets with intricate structures more effectively than regular LASSO.
Group LASSO extends the LASSO technique to situations where predictors can be naturally
grouped, and the groups, rather than individual predictors, are of interest. In this variant,
the L1 penalty term is applied to the norms of the coefficients of the groups, rather than to
the individual coefficients. Group LASSO ensures that either all the coefficients in a group
are zero or none of them are, thus respecting the intrinsic grouping in the data. Finally,
Sparse-Group LASSO is a sophisticated hybrid that combines the ideas of both group and
sparse LASSO. It allows for both group-wise and individual variable selection, making it a
powerful tool for models where both individual and grouped variable effects are of interest.
This variant is particularly useful in models where some groups of variables are known to
be important but there is also a need to identify individual variables of significance outside
these groups. Sparse-Group LASSO applies a mixed penalty, combining the L1 penalty
term to encourage sparsity at the individual level and a group-level L2 penalty term.

19



BouiLLoT, CANDELON & KooL

2 The Ridge model

Second, the Ridge regression is a technique used to analyze multiple regression data that
suffer from multicollinearity. When multicollinearity occurs, least squares estimates are un-
biased but their variances are large so they may be far from the true value. Ridge regression
stabilizes the regression estimates in such a way that it reduces the standard errors. The
key idea of Ridge regression is to add a degree of bias to the regression estimates, which
in return reduces the standard errors. It modifies the OLS objective function by adding a
penalty equivalent to the square of the magnitude of the coefficients. The Ridge regression
objective function can be written as:

n

1 i -
min Z (g — 5i)> + Ao Z B (2)
i=1 j=1

As for the LASSO method, As is the tuning parameter that controls the amount of shrink-
age: the larger the value of A9, the greater the amount of shrinkage. Through A2, the Ridge
method applies a penalty to the size of coefficients. However, unlike LASSO which can
eliminate some coefficients altogether by setting them to zero, Ridge regression only shrinks
the coefficients. This is particularly useful when dealing with data where all variables are
important and should be retained in the model. The second term of the equation is called
L2 penalty term.

8 The Elastic Net model

Third and last among the linear methods, Elastic Net is a regularization and variable se-
lection method that combines the properties of both LASSO and Ridge regressions. Elastic
Net aims to overcome limitations of both Ridge and LASSO by combining their penalty
terms. Hence, the objective function of Elastic Net can be written as:

n D p
Hlﬁinz<yi_3)i>2+/\lzwj‘+)\2Z/832- (3)
i=1

j=1 j=1

Here, A1 and Ay are the parameters that control the L1 (LASSO) and L2 (Ridge) penalty
terms, respectively. Elastic Net thus balances the properties of LASSO and Ridge regres-
sion methods. The L1 penalty term facilitates variable selection, making the model simpler
and more interpretable. The L2 penalty t