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BANKING & FINANCE | RESEARCH ARTICLE

Quantifying systemic risk in Morocco’s banking 
system using Euler indicators and extreme 
dependence
Khalil Said1*, Yassine EL Qalli1 and Abdellali Fadlallah1

Abstract:  This article contributes to the quantification of systemic risk within the 
Moroccan banking system, focusing on listed banks. We utilize indicators derived 
from Tail Value at Risk and expectiles risk measures, as introduced by El qalli and 
Said (2013) (El Qalli & Said, 2023), to measure the marginal risk of each component. 
Additionally, we analyze extreme dependencies within the system using tail depen
dence coefficients. Empirical results identify Attijariwafa Bank and Banque Centrale 
Populaire as the most systemic banks in Morocco, carrying the potential to trigger 
systemic crises.

Subjects: Applied Mathematics; Statistics & Probability; Finance; 

Keywords: Systemic risk; risk measures; Euler Method; extreme dependence; Copulas

JEL classification: C02; G01; G21; G28; G32

1. Introduction
In a world grappling with sustained inflation and economic recession risks, the stability of banking 
systems faces serious threats. Recent events, including the crisis among regional American banks 
in March 2023, UBS’s acquisition of Credit Suisse, and JPMorgan’s takeover of First Republic Bank, 
highlight the urgency of addressing systemic risk.

Panic spreads swiftly, increasing contagion risks with each bank collapse, as seen in the recent 
collapse of three American regional banks. The US government responded with swift measures to 
halt panic, guaranteeing deposits and implementing the Bank Term Funding Program. Europe also 
faced systemic risk, with Credit Suisse’s near collapse affecting other European banks, emphasizing 
the need for systemic risk management.

Despite progress with Basel III, systemic risk remains a challenge. Rapid regulatory reactions 
have prevented the worst, but concerns persist. Resolving crises through mergers can create 
uncontrollable giants, raising future disaster risks. Deposit guarantees reassure clients but do not 
fully control panic risk.

In Morocco, the banking system comprises 19 banks, with only 6 listed on the Casablanca Stock 
Exchange. The central bank increased interest rates to curb inflation, testing Moroccan banks’ risk 
management. As financial regulators in Morocco draw inspiration from international risk 
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management practices, it becomes paramount to assess and quantify systemic risk within the 
Moroccan banking system.

This article aims to quantify systemic risk within Morocco’s banking system, focusing on listed 
banks. We acknowledge market inefficiency due to low liquidity but employ a dependence-based 
approach to quantify risk.

The article is divided into four distinct sections. The first section is dedicated to the literature 
review, presenting various measures of systemic risk discussed in works on risk management. 
The second section explains the methodology adopted for this study in detail. The third section 
focuses on the presentation and analysis of the data used to obtain the results, which will then be 
presented and discussed in the fourth and final section.

1.1. Literature review
Since the last global financial crisis, the significance of systemic risk in finance has grown con
siderably. The subprime financial crisis underscored the importance of enhancing our comprehen
sion and modeling of systemic risk. Financial institutions are deemed systemically risky if their 
bankruptcy could harm the entire financial system. Several systemic risk measures have been 
suggested in the literature since the last financial crisis, and a bulk of academic works was 
dedicated to evaluating this risk in different contexts.

Acharya et al. (2010) (Acharya et al., 2010) introduced the marginal expected shortfall (MES) as 
a measure of systemic risk. It is denoted as MES and defined mathematically for two random 
variables representing two risks X and Y by:

where VaR (Value at Risk) is a risk measure of a random variable X at the confidence level α:

with FX being the distribution function of X.

Another approach to MES was presented by Acharya et al. (2012) (Acharya et al., 2012), as well 
as in Acharya et al. (2017) (Acharya et al., 2017). They introduce an economic model of systemic 
risk, where the overall undercapitalization of the financial sector adversely affects the real econ
omy, leading to systemic risk externality. To measure each financial institution’s contribution to 
systemic risk, they use the systemic expected shortfall (SES), which indicates the likelihood of an 
institution being undercapitalized during overall undercapitalization of the financial system. The 
SES increases based on the institution’s leverage and its marginal expected shortfall (MES), 
reflecting its losses in the tail of the system’s loss distribution.

Brownlees and Engle (2012) (Brownlees et al., 2012) focused on monitoring a financial system 
comprising d financial institutions, using the capital shortfall defined as

as a measure of a firm’s distress. Here, Wit represents the market value of equity, Dit is the book 
value of debt, Ait is the value of quasi assets, and k is the prudential capital fraction.

To predict the capital shortfall during a systemic event, defined as a market decline below 
a threshold C over a time horizon h, they introduce the SRISK index (SRISKit), which represents 
the expected capital shortfall conditional on a systemic event:
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where LRMESit is the Long Run MES, representing the expectation of the firm’s equity multi-period 
arithmetic return during the systemic event, calculated as

where Ritþ1:tþh and Rmtþ1:tþh are respectively the multi-period arithmetic firm equity and market 
returns between period tþ 1 and tþ h. Thus, the SRISK index provides a measure of systemic risk 
for individual financial institutions during potential systemic events.

Adrian and Brunnermeier (2011) (Adrian & Brunnermeier, 2011) propose a metric to assess 
systemic risk: CoVaR, which calculates the financial system’s Value at Risk (VaR) under distressed 
conditions of institutions. They measure an institution’s impact on systemic risk by comparing its 
CoVaR under distress to the CoVaR in a typical state. Through their analysis of publicly traded 
financial institutions, they evaluate how factors like leverage, size, and maturity mismatch can 
indicate an institution’s contribution to systemic risk.

This measure, also studied in Adrian and Brunnermeier (2016) (Adrian & Brunnermeier, 2016), is 
mathematically defined for two random variables X and Y, representing the risk of two institutions 
or an institution and the financial system as follows:

where

Mainik and Schaanning (2014) (Mainik & Schaanning, 2014) provided explicit formulas for ΔCoVaR 
in particular cases and presented a new approach to this risk measure that takes into account the 
dependence between risks. This measure was also studied in Löffler and Raupach (2013) (Löffler & 
Raupach, 2013) and Castro and Ferrari (2014) (Castro & Ferrari, 2014).

Similarly, Mainik and Schaanning (2014) (Mainik & Schaanning, 2014) defined the Conditional 
Expected Shortfall (CoES), based on the definition of the Expected Shortfall risk measure:

The CoES is defined as:

A second version is given by: 

where

Other measures based on financial constructions have been introduced in the literature. For 
example, the tail risk gamma, presented by Knaup and Wagner (2012) (Knaup & Wagner, 2012), 
utilizes the sensitivity of an institution’s equity return to changes in put options on system prices.

Recently, El qalli and Said (2013) (El Qalli & Said, 2023) introduced some systemic risk indicators 
based on capital allocation methods used in actuarial practices. They define, for any positive 
homogeneous risk measure ρ, the Euler systemic risk indicator by
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where X ¼ X1; . . . ; Xdð Þ is a random risk vector, and S ¼ ∑n
k¼1Xk. The constructed indicators verify

and the institution represented by Xi is considered as systemic in a financial system represented by 
S when the value of its indicator is negative.

The main idea behind the construction of these indicators is to evaluate systemic risk by 
quantifying the difference between the marginal risk contribution of a component within the entire 
system, without considering diversification, and its actual participation in the overall risk obtained 
using the Euler method of risk allocation. Additionally, in (El Qalli & Said, 2023), other indicators 
based on the Shapley method and various risk allocation techniques are also presented.

In the context of Morocco, few studies have quantified systemic risk in the banking system. 
Firano (2015) (Firano, 2015) evaluates this risk using two approaches: conditional value at risk for 
measuring systemic importance and heteroscedasticity models to assess correlations with the 
financial system. The paper identifies three banks as the most systemic, with the potential to 
trigger crises. It introduces a systemic risk index and develops a macro-financial model demon
strating procyclical systemic risk contagion. Nechba (2021) (NECHBA, 2021) studies systemic risk 
exposure of Moroccan banks for the period 2005–2017, using CoVaR, MES, and SRISK measures. 
More recently, Kyoud et al. (2023) (Kyoud et al., 2023) analyze the Moroccan banking system’s 
systemic risk during the COVID-19 crisis using QRNN (Quantile Regression Neural Network) and 
CoVaR. They find a significant increase in systemic risk due to pandemic-induced market condi
tions, resulting in higher non-performing loans and reduced asset values.

In this article, our focus lies on the indicators developed by El qalli and Said (2013) (El Qalli & 
Said, 2023), which employ the Euler method for capital allocation. Specifically, we utilize Euler 
indicators derived from common risk measures, such as Tail Value at Risk and Expectiles. In order 
to rank different banks according to their impact on the overall system, we quantify extreme 
dependence using the coefficients of tail dependence presented in Joe’s study (1997) (Joe, 1997). 
These coefficients will be calculated based on estimates of dependence structures using copulas.

1.2. Methodology suggested
Let Pi;t denote the price of asset i at time t. We consider daily log-returns, which can be expressed 
as follows:

We use actuarial notation, which treats risky scenarios as positive variables. Therefore, we define:

where

with nk representing the total number of shares of Bank k. Thus, αi;t corresponds to the weight of 
Bank i in the system composed of these six banks. For the sake of simplicity and without losing 
generality, the number of shares for each of the six banks is considered fixed based on the values 
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observed on 19 May 2023. The risk associated with the financial system composed of these six 
banks, denoted as S, is expressed as:

We denote S� i:

which represents the financial system without the bank i

1.3. Systemic risk index
We first propose the construction of a straightforward systemic risk index that quantifies a bank’s 
capacity to contribute to a substantial loss for the entire system. To achieve this, we concentrate 
on analyzing the extreme dependence between a bank’s losses and those of the overall system. 
Mathematically, we model this dependence using the coefficient of tail dependence between � Ri 
(bank’s losses) and � RS (system’s losses).

We recall the definition of the upper tail dependence coefficient as presented in Joe (1997) (Joe,  
1997) for bivariate random variables ðX; YÞ with continuous marginal distributions:

when the limit exists.

The coefficient λU does not depend on the marginal distributions of the risks but rather on their 
dependence structure. To isolate this structure, we resort to copulas. Recall that Sklar’s theorem 
(1959) (Sklar, 1959) states the existence and uniqueness of a copula C: ½0;1�2 ! ½0;1� for any pair 
of continuous random variables ðX; YÞ, satisfying

The coefficient λU can thus be expressed in terms of C as follows:

when the limit exists.

The main advantage of this approach is to capture non-linear extreme dependencies without 
making assumptions on the marginal distributions of log-returns.

We focus on estimating copulas using families of usual parametric copulas and their survival 
copulas. The survival copula �C is defined as:

where �FX and �FY are the survival distribution functions of X and Y respectively. �C is related to C 
through the following relation:

The upper tail dependence coefficient of �C can be expressed as follows:
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and this expression represents the lower tail dependence coefficient of C, defined by:

if the limit exists.

To estimate the coefficients λU, we will first estimate the copulas for the pairs ð� Ri; � RSÞ. We will 
use the semi-parametric Canonical Maximum Likelihood method introduced by Oakes (1994) 
(Oakes, 1994) to estimate these copulas using empirical marginal distribution functions. The 
families of estimated copulas are presented in Table 1. We will select the most suitable copula 
using the Akaike Information Criteria (AIC) as the selection criterion. Finally, we will use the 
analytical expressions, presented in Table 2, to estimate the corresponding λU coefficients for 
the selected copulas. Other statistical methods for estimating the tail-dependence coefficient 
are also presented in the study by Frahm (2005) (Frahm et al., 2005).

To disentangle the extreme dependence from the influence of a bank’s weight on the entire 
system, we additionally estimate the upper tail dependence coefficient between each bank and 
the system constituted by the other banks. This process involves following the same steps and 
employing the same estimation methods used earlier to measure the extreme dependence 
between the losses of an individual bank � Ri and the system S� i.

1.4. Euler systemic risk indicators
The utilization of extreme dependence coefficients offers an initial means to quantify the influence 
of individual components within the banking system when confronted with extreme loss scenarios. 
However, these coefficients do not provide a comprehensive understanding of the actual contribu
tion of each component to the aggregated risk of the system. In response to this requirement, we 
also incorporate the Euler systemic risk indicators (SRIEuler) as defined in (El Qalli & Said, 2023). 

Table 1. Evaluated copula families
Copula C

Independence Cðu; vÞ ¼ uv

Gumbel Cðu; vÞ ¼ expð� ðð� log uÞθ þ ð� log vÞθÞ1=θ
Þ;θ � 1.

Frank Cðu; vÞ ¼ � 1θ log 1þ ðe
� θu � 1Þðe� θv � 1Þ

e� θ � 1

� �
;θ�0.

Clayton Cðu; vÞ ¼ u� θ þ v� θ � 1
� �� 1=θθ > 0.

Gaussian
Cρðu; vÞ ¼ 1

2π
ffiffiffiffiffiffiffiffi
1� ρ2
p

ðΦ� 1ðuÞ

� 1

ðΦ� 1ðvÞ

� 1

exp x2 � 2ρxyþy2
2ð1� ρ2Þ

� �
dxdy:

Student
Cρ;νðu; uÞ ¼

ðt� 1ν ðuÞ

� 1

ðt� 1ν ðvÞ

� 1

1
πν

ffiffiffiffiffiffiffiffi
1� ρ2
p

Γ ν
2þ1ð Þ

Γ ν
2ð Þ

1þ x2 � 2ρxyþy2
νð1� ρ2Þ

� �� ν
2þ1

dxdy:

Table 2. Tail dependence coefficients
Copula λU λL

Independence 0 0

Gumbel 0 2 � 2
1
θ

Frank 0 0

Clayton 2�
1
θ 0

Gaussian 11fρ¼1g 11fρ¼1g

tðρ;νÞ
2 � 2tνþ1

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðνþ1Þð1� ρÞ

1þρ

� �r� �� �

11fρ>� 1g 2 � 2tνþ1

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðνþ1Þð1� ρÞ

1þρ

� �r� �� �

11fρ>� 1g
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These indicators enable us to assess the systemic significance of each component within the 
system.

From 1, one can derive an indicator from any positive homogeneous risk measure. For the VaR 
risk measure the indicator is given by:

An other generalization presented in (El Qalli & Said, 2023) derived indicators from Wang’s risk 
measures introduced in (Wang, 2000), and defined as:

where g is an increasing distortion function satisfying gð0Þ ¼ 0 and gð1Þ ¼ 1. These measures are 
homogeneous, translation-invariant, and monotone. The systemic risk indicator in this case is 
given by

where g is the distortion function associated with ρ.

In this paper, we center our attention on Euler indicators derived from two widely adopted risk 
measures: TVaR (Tail Value at Risk) and expectiles. The selection of these measures is well-justified 
by their coherence properties. Unlike VaR, which lacks sub-additivity, TVaR adheres to the coher
ence axiom introduced by Artzner et al. (1999) (Artzner et al., 1999). Expectiles also exhibit 
coherence as risk measures when considering thresholds greater than 0.5. Moreover, they possess 
the additional advantage of being elicitable, which allows for direct backtesting. Furthermore, 
expectiles take into account both tails of the distribution when assessing risk.

1.4.1. The TVaR-based systemic risk indicator 
The TVaR at level α is defined as the mean of the VaRs that exceed VaRαðXÞ:

It is a risk measure belonging to the Wang family and is associated with the following distortion 
function:

Note that for a fixed α 2 ½0;1�, gα represents the uniform distribution function with support ½α;1�. 
Hence, we can use (2.1) to derive the expression of the TVaR-based systemic risk indicator. The 
TVaR systemic risk indicator for ðXiÞi¼1;...;d is given by:

In the Gaussian case, the explicit expression of this indicator in terms of volatilities and correla
tions can be readily obtained, thanks to the properties of Gaussian vectors. A similar approach can 
be extended to the case of a random vector following a Student’s t-distribution. However, to 
maintain a non-parametric stance and avoid assumptions about the distributions of risks, we 
refrain from adopting specific distributional assumptions in this article.
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Instead, we employ standard statistical estimators to calculate all the expectations involved in 
the indicator’s expression and the quantile representing the VaR for each risk. The estimation of 
the indicator can be conducted either statically, considering the entire data period, or dynamically, 
with a rolling approach over a shorter period. This allows us to capture the dynamics of systemic 
risk over time without imposing restrictive distributional assumptions on the underlying risks.

The TVaR is a highly effective tail measure for quantifying the risk of losses beyond its threshold. 
However, it has two minor disadvantages that may introduce bias in risk management decisions 
based on its value. The first drawback concerns its non-elicitable nature, which means that it 
cannot be directly backtestable. Let us recall the definition of elicitability presented in Bellini et al. 
(2015) (Bellini & Bignozzi, 2015). A risk measure ρ is considered elicitable with respect to the class 
P if there exists a scoring function S : R 2 ! Rþ such that

Elicitability is a desirable statistical property for risk measures. However, in the case of TVaR, its 
non-elicitable nature is not critical since we can test TVaR using VaR, which is elicitable.

The second point concerns its use in capital allocation, which may penalize risks that perform 
well in positive scenarios. This is due to its construction, as it measures only one tail of the 
distribution. These two disadvantages are absent in the case of expectile risk measures. 
Expectiles are the only risk measures that are both coherent and elicitable, as shown by Bellini 
and Bignozzi (2015) (Bellini & Bignozzi, 2015), and their economic interpretation integrates both 
the risk behavior in positive and adverse scenarios. From this perspective, it would be interesting to 
examine the systemic risk indicator derived from expectile measures.

1.4.2. The expectile-based systemic risk indicator 
Expectiles were initially introduced within the context of statistical regression models by Newey 
and Powell (1987) (Newey & Powell, 1987). For a random variable X with a finite second-order 
moment, the expectile of level α is defined as follows:

where ðxÞþ ¼ maxðx;0Þ. Expectile risk measures are elicitable by construction and are coherent for all 
α1=2. However, for α<1=2, expectiles become super-additive, which makes them incoherent. Notably, 
when α ¼ 1=2, the expectile corresponds to the mean value. Throughout this paper, we focus on the case 
where α>1=2.

Alternatively, the expectile can be defined for any random variable with a finite first-order 
moment as the unique solution of the following equation:

This equation arises as an optimality condition using the strict convexity of the scoring function. It 
can also be expressed as:

From this definition, we can provide an economic interpretation for the expectile risk measure as 
a threshold that represents a profits/losses ratio of value 1� α

α .

The properties of expectile risk measures have been studied in several papers. Interested readers can 
refer to (Emmer et al., 2015) and (Bellini & DiBernardino, 2017) for more information. A multivariate 
extension of expectiles is proposed in (Maume-Deschamps et al., 2017), and their asymptotic behavior is 
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studied in (Maume-Deschamps et al., 2018). The Expectile-based capital allocation is examined in 
(Emmer et al., 2015) and (Said, 2023).

The Expectile-based systemic risk indicator of ðXiÞi¼1;...;6 is defined as follows:

We can clearly observe a substantial difference between the indicator based on TVaR and the one based 
on expectiles, evident from their respective expressions. The Expectile-based indicator not only considers 
the contribution of a component to the losses of the system but also its involvement in generating gains, 
with coefficients α and 1 � α, respectively. It is important to note that this indicator is computationally 
more demanding compared to the TVaR-based one in terms of estimation, as it requires optimization to 
determine both the univariate expectiles and the sum expectile.

1.5. Data
In this study, our primary objective is to quantitatively assess systemic risk within the Moroccan 
banking sector. To achieve this, we employ a robust dataset consisting of daily stock price 
information for the six publicly traded Moroccan banks listed on the Casablanca stock exchange 
market, collectively forming the MASI Banks sectoral index. These banks include Attijariwafa Bank 
(ATW), Banque Centrale Populaire (BCP), Banque Marocaine du Commerce et de l’Industrie (BMCI), 
Bank of Africa (BOA), Crédit du Maroc (CDM), and Crédit Immobilier et Hôtelier (CIH). The data 
spans a comprehensive period of five years, from 21 May 2018, to 19 May 2023, thereby encom
passing diverse market conditions and economic dynamics.

Our analysis is exclusively focused on these six banks, as they constitute the entirety of publicly listed 
banks on the Moroccan stock exchange. It is important to note that financial information for non-listed 
banks is not accessible, and this inherent limitation compelled us to restrict the scope of our study solely 
to these listed banks. This approach allows us to conduct a comprehensive assessment of systemic risk 
within the bounds of available data and ensures the credibility and transparency of our findings.

The credibility of this dataset is underpinned by its origin from Investing.com, a reputable and 
widely acknowledged financial data platform known for providing accurate and comprehensive 
financial market data. To ensure the integrity of our data, we conducted meticulous validation and 
cleaning procedures, including checks for missing values and data consistency, thereby enhancing 
the reliability of our findings. Detailed information regarding our data collection process and 
procedures can be accessed on Investing.com’s platform, further reinforcing the dataset’s cred
ibility and transparency.

Table 3 presents the included banks and their respective market capitalizations as of 
19 May 2023. These market capitalizations will be used to analyze the risk composition of our 
financial system, which is solely represented by these six banks.

Table 3. Composition of MASI banks index—May 19, 2023
Ticker Instrument Number of 

shares
Price (MAD) Capitalization

ATW ATTIJARIWAFA 
BANK

215,140,839 408.50 87,885,032,731.50

BCP BCP 203,312,473 231.00 46,965,181,263.00

CIH CIH 30,519,784 330.00 10,071,528,720.00

BCI BMCI 13,279,286 460.00 6,108,471,560.00

CDM CDM 10,881,214 675.00 7,344,819,450.00

BOA BANK OF AFRICA 208,769,827 165.00 34,447,021,455.00

source: Casablanca stock exchange 
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Table 4 displays a summary of log-returns statistics. It is evident that all kurtosis values are 
greater than three, indicating heavier tails in the data compared to a normal distribution. 
Moreover, the Shapiro, Lilliefors, and Jarque—Bera tests indicate significant deviation from 
a normal distribution, further supporting the presence of non-normality and heavier-tailed dis
tribution. Lastly, the augmented Dickey—Fuller (ADF) test suggests that all the log-returns, as time 
series, exhibit stationary behavior.

This statistical observation necessitates an examination of the nature of the tail distributions of 
our series. Using extreme value statistics, we can estimate the power law in the tails.

For a sequence of ordered and identically distributed random variables X1;n;X2;n; . . . ; Xn;n, 
Gnedenko’s (1943) Extreme Values Theorem (Gnedenko, 1943) characterizes the limiting distribu
tion of the maximum, Xn;n, using a normalization operation. It states that if there exist two 

sequences, a positive scale ðbnÞ and a position ðanÞ, such that the limit distribution H of Xn;n � an
bn 

is 
non-degenerate, then H can take one of the following three forms:

(1) Fréchet Distribution:

(2) Weibull Distribution:

(3) Gumbel Distribution:

where θ is a positive parameter referred to as the Tail Index.

These three limit distributions naturally correspond to the three domains of attraction, each 
bearing its name. They are collectively encompassed in the general form introduced by Jenkinson 
(1955) (Jenkinson, 1955): 

Table 4. Summary Statistics of the banks’ log-returns
Bank AWB BCP BMCI BOA CDM CIH
Min. −0.11 −0.11 −0.22 −0.10 −0.16 −0.10

Mean 0 0 0 0 0 0

Max. 0.06 0.07 0.10 0.10 0.10 0.08

S.D. 0.0126 0.0123 0.0230 0.0142 0.0176 0.0171

Skewness −0.71 −1.06 −0.98 −0.24 −0.76 −0.25

Kurtosis 10.51 13.70 12.52 11.16 13.11 6.93

Shapiro p-Value 0 0 0 0 0 0

Lilliefors p-Value 0 0 0 0 0 0

Jarque-Bera p-Value 0 0 0 0 0 0

ADF Statistic −11.07 −11.62 −11.10 −11.41 −10.89 −11.82

ADF p-Value 0.01 0.01 0.01 0.01 0.01 0.01

Shannon’s Entropy 9.4967 8.9222 6.6056 7.5093 3.5551 7.6929

Hill’s Estimator γ̂ (k = 100) 0.4432 0.4422 0.3820 0.4358 0.6170 0.3738

Domains of attraction Fréchet Fréchet Fréchet Fréchet Fréchet Fréchet
Tail Index θ̂ 2.26 2.26 2.62 2.29 1.62 2.68
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Here, γ represents the extreme values index, and HγðxÞ is defined as:

This theorem provides essential insights into the behavior of extreme values in probability 
distributions.

Several estimators for the extreme values index are available in the literature. One of the 
simplest and most well-known estimators for the extreme values index is the Hill estimator 
introduced by Hill (1975) (Hill, 1975), defined as follows:

where kn is a suitable choice of k. It’s important to note that this estimator is applicable only for 
Fréchet distributions (γ>0). This estimator is known to converge in probability as k!1 and 
k=n! 0 when n!1.

A natural estimator for the tail index is given by:

In Table 4, we provide Hill’s estimator for each series. The chosen number of extremes, k, is set to 
100, which corresponds to 8% of the data. All the distributions fall within the Fréchet domain of 
attraction, indicating heavy tails. We also calculate the tail index, which provides us with the power 
law in the tails. This approach is commonly employed in the literature to investigate the power law 
behavior in the tails of financial returns and volatilities (see, for example, Ghosh and Krishna (2019) 
(Ghosh & Krishna, 2019)).

To identify potential embedded herding behavior and the presence of bubbles within Moroccan 
listed banks, we computed Shannon’s Entropy for each log-return series.

Shannon’s entropy (H) is a measure used to quantify the level of information uncertainty. It is 
defined mathematically as:

where:

• HðXÞ represents Shannon’s entropy;
• n is the number of possible outcomes;
• xi represents each possible outcome;
• PðxiÞ is the probability of outcome xi occurring.

If the measure of Shannon’s entropy is higher than 3.5, the uncertainty is beyond control, 
indicating that a crisis is imminent. Conversely, when this measure is below 3.5, it signifies that 
there is low uncertainty of information, which is within control.

The calculated values are presented in Table 4. It’s noteworthy that for all banks, the Shannon’s 
entropy measure surpasses the threshold of 3.5. This indicates that the level of information 
uncertainty has exceeded a critical point, suggesting a situation where information dynamics 
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may be beyond manageable control. Economically, this heightened uncertainty could signify 
a potential crisis or the presence of significant market turbulence that warrants careful monitoring 
and analysis.

Additional measures, including the Hurst exponent and Fractal dimension, are valuable tools for 
identifying potential herding behaviors and the emergence of bubble-related information. These 
metrics provide valuable insights into comprehending the mindset, behaviors, and actions of 
market participants, thereby contributing to more effective market functioning. Ghosh et al. 
(2020) (Ghosh et al., 2020) employed these measures in their study To explore the occurrence of 
herding behavior concerning the EURIBOR (Euro Interbank Offered Rate) within five prominent 
European banks.

Figure 1 displays the level of bivariate dependence between the log-returns of the six banks’ 
stocks over the studied period, as measured using Pearson’s correlation and Kendall’s tau. 
Kendall’s tau is a comprehensive measure of concordance that captures various types of depen
dencies, while Pearson’s correlation is more appropriate for quantifying linear correlations. 
Notably, we observe that the stock returns of bank CDM exhibit negligible dependence with all 
the other banks, indicating a low systemic impact within the considered banking system.

2. Results and discussion
To estimate the upper tail dependence coefficients, we begin by estimating the bivariate copulas 
between each pair of banks Cð� Ri; � RjÞi�j;i;j2f1;...;6g and between each bank and the banking system 
Cð� Ri; � RSÞi¼1;...;6. The upper tail dependence coefficients between the banks allow us to quantify 
the impact of a crash in one bank’s value on the other. In the case where the asymptotic 
dependence is important, we can classify the two banks as being systemic to each other. The 
bivariate copulas, representing the losses of the banks, are obtained using our entire dataset 
(n ¼ 1245 log-returns) with the semi-parametric Canonical Maximum Likelihood (CML) as the 
method and Akaike Information Criteria (AIC) as the selection criterion. The obtained copulas 
are presented in Table 5.”S-Gumbel” refers to the Survival Gumbel copula.

The corresponding bivariate upper tail dependence coefficients are presented in Table 6. We 
observe the presence of asymptotic dependencies between several pairs of banks. Overall, this 
dependence remains far from perfect dependence (λU ¼ 1), which indicates the case of comono
tonicity of risks, but it remains significant, especially between the banks ATW-BCP, ATW-BOA, and 
ATW-BCP. This measure of asymmetric dependence is independent of the nature of the marginal 
behavior as well as the weight of the bank in the system, thus providing an objective quantification 
of the capacity of a severe loss in one bank’s assets to cause a significant loss in the other.

Figure 1. Correlogram: 
Pearson’s correlation (right) & 
Kendall’s τ (Left).
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We adopt a similar approach to compute the coefficients of extreme dependence between each 
bank and the entire system. Figure 2 presents empirical density plots of copulas between the 
system and two banks, ATW and CDM. The shapes of these densities reveal the presence of positive 
dependence between bank ATW and the system, with the dependence being prominent at the tail 
levels. Conversely, the copula linking bank CDM to the system shows asymptotic independence, 
indicating a lack of significant dependence.

Table 7 displays all the estimated copulas between each bank and the system, while Table 8 
presents the corresponding Upper Tail Dependence Coefficients. Figure 3 provides a comprehensive 
summary of all the relationships of extreme dependence between the banks and the considered 
banking system.

Only the two banks, CDM and CIH, are asymptotically independent from the system composed 
of all the banks. This observation is not directly related to the weight of these banks in the 
system but rather to the nature of the risk they carry. This is particularly evident in the 
comparison between the cases of BCI and CIH, for example. However, the strong dependence 
between the right tails of the losses of the system and those of banks like ATW and BCP is 

Table 5. Estimations of Ĉn � Ri; � Rj
� �

using the CML method with AIC criterion
BCP BCI BOA CDM CIH

ATW t(0:41; 3) t(0:18; 10) t(0:24; 5) Independence Gumbel (θ ¼ 1:18)

BCP t(0:22; 18) t(0:27; 5) Frank (θ ¼ 0:6) t(0:21; 5)

BCI t(0:12; 14) S-Gumbel (θ ¼ 1:07Þ Gumbel (θ ¼ 1:09)

BOA Frank (θ ¼ 0:53) t(0:1; 6)

CDM S-Gumbel (θ ¼ 1:04)

Table 6. Bivariate upper tail dependence coefficients between banks λ̂U;n � Ri; � Rj
� �

ATW BCP BCI BOA CDM CIH
ATW 1 0.266 0.019 0.104 0.000 0.000

BCP 1 0.003 0.112 0.000 0.094

BCI 1 0.004 0.091 0.000

BOA 1 0.000 0.048

CDM 1 0.049

CIH 1

Figure 2. Density of empirical 
copula: left (ATW) - right (CDM).
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certainly related not only to the nature of the risk but also to their weights in the system, which 
determine its composition. To confirm these observations, we will also estimate the Upper Tail 
Dependence Coefficients between each bank and the system composed of the other banks, 
denoted as λUðXi; S� iÞ: The estimated copulas and the corresponding upper tail dependence 
coefficients are presented in Tables 9 and 10, respectively.

The coefficients obtained in Table 10 indicate, firstly, that the weight of a bank in the system, as 
measured by its capitalization, can introduce bias in the quantification of the systemic risk it 
presents. This effect can occur in both directions; for instance, in the case of the ATW bank, the 
risk was overestimated due to its significant weight, whereas in the case of the CIH bank, this risk 
was underestimated. With this last estimation method, BCP has emerged as the bank that exhibits 
the strongest asymptotic dependence with the rest of the system. Both methods confirm that the 
banks that can potentially cause the most losses to the system in the event of a decline in their 
values are ATW, BCP, and BOA.

To deepen our analysis, we now shift our focus to the systemic risk indicators derived from the 
risk measures TVaR and Expectile. These measures are based on the idea of comparing the weight 
that a bank Xi; i ¼ 1; . . . ;6 represents in the system’s risk, without considering dependence, or 
rather considering perfect dependence that neglects the diversification gain within the system, 
with the actual weight derived from the Euler risk allocation method, which takes into account the 

Table 7. Estimations of Ĉn � Ri; Sð Þusing the CML method with AIC criterion
ATW BCP BCI BOA CDM CIH

S tð0:86; 3Þ tð0:7; 4Þ tð0:33; 13Þ tð0:52; 4Þ Gaussianð0:14Þ Gumbel 
(θ ¼ 1:29)

Table 8. Upper tail dependence coefficients between banks and the System λ̂U;n � Ri; Sð Þ

ATW BCP BCI BOA CDM CIH
S 0.612 0.387 0.019 0.267 0.000 0.000

Figure 3. Extreme interdepen
dence within the Moroccan 
banking system.
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dependence structure between the system’s components. It should be noted that the difference 
between the two risk measures used lies in the consideration of the bank’s performance through 
the expectile, while TVaR exclusively measures the risk of losses. The bank’s weight is directly taken 
into account in the construction of the method since Xi ¼ � αiRi; i ¼ 1; . . . ;6.

In the first step, we set the threshold to 95% and used the entire database of logarithmic returns. 
Table 11 presents the values obtained using the two risk indicators. These indicators indicate that 
a bank exhibits systemic risk when they are negative. In the case of positive values, they suggest that 
the dependence between the bank and the other components of the system does not generate 
additional risk. As the indicator’s value increases (moving towards positive values), the risk is perceived 
to decrease. We can set a tolerance threshold of, for example, 5%, in line with the α threshold.

According to the results, Bank ATW is identified as systemic by both indicators, and BCP is also 
systemic without exceeding the 5% threshold. The other banks are not systemic according to these 
results, and bank BOA represents the least risky component of the system. These findings also 
suggest that the bank’s weight can contribute to increasing the risk it carries when it is systemic.

To confirm these conclusions, we vary the threshold α between 90% and 99.99%. Figure 4 
displays the results obtained for the two systemic risk indicators.

The behavior of the indicators varies depending on the chosen threshold α. The instability 
observed in the resulting curves can be attributed to the presence of nesting estimation errors 
inherent in the indicator calculations. To address this challenge and enhance the interpretability of 
our findings, we apply spline smoothing with a fixed parameter value of approximately 1 for all 
indicators. While this parameter selection lacks specific mathematical criteria, it is intended to 
emphasize prominent trends within our indicators. Spline smoothing, as a data-driven technique, 
aids in uncovering underlying patterns in our data. The smoothed curves are presented in Figure 5.

The banks identified as non-systemic, namely BCI and CDM, maintain this status for all values of 
the threshold α, indicating low asymptotic dependence with the rest of the system. Conversely, the 
banks showing significant extreme dependence, such as BOA and CIH, exhibit positive systemic risk 
indicators that increase as α approaches 1, indicating higher degrees of risk and approaching the 
negative zone. This behavior is more pronounced for the indicator based on TVaR, as it solely 
considers contributions to the system’s losses. With this indicator, BOA becomes systemic at the 
asymptotic level.

Table 9. Estimations of Ĉn � Ri; S� ið Þusing the CML method with AIC criterion
ATW BCP BCI BOA CDM CIH

S� i tð0:4; 3Þ tð0:45; 3Þ tð0:23; 10Þ tð0:28; 4Þ Gaussianð0:08Þ tð0:25; 5Þ

Table 10. Upper tail dependence coefficients λ̂U;n � Ri; S� ið Þ

ATW BCP BCI BOA CDM CIH
S� i 0.262 0.286 0.024 0.156 0.000 0.107

Table 11. SRITVaR95%
αiXijSð Þ and SRIe95%

αiXijSð Þ

ATW BCP BCI BOA CDM CIH
SRITVaR95%

αiXijSð Þ -10.44% -0.66% +3.01% +3.38 % +2.91% +1.80%

SRIe95%
αiXijSð Þ -10.62% -1.60% +3.11% +4.49 % +3.03% +1.60%
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The two systemic banks, ATW and BCP, maintain their systemic status for all threshold values of 
α, with a decrease in risk for ATW. This decrease could be influenced by the increase in systemic 
risk of other banks at the asymptotic level of α, as risk measures severely evaluate all potential loss 
risks. However, comprehending the asymptotic behavior of the indicators, as α approaches 1, 
requires specific treatment using extreme value statistics.

In all the previous analyses, we assessed systemic risk using indicators estimated on a 5-year 
database of stock market quotes. However, this approach does not provide insights into the 
indicators’ behavior over time. To address this limitation, we employ a dynamic estimation 
approach. We consider a reference period of one financial year with 252 trading days (1Y). The 
indicators are calculated using a sliding window, and at each date, t, the indicator is estimated 
using data from the past 252 days (i.e., between dates t � 251 and t). This approach enables us to 
observe the evolution of the two indicators over a span of four financial years.

The results obtained from this dynamic estimation process for α ¼ 95% are presented in 
Figure 6. This approach allows us to gain a better understanding of how our systemic risk 
indicators fluctuate over time and respond to changing market conditions and economic events.

With only slight differences in values between the two indicators, resulting from the distinction 
between TVaR and Expectile as risk measures, the overall behavior follows similar trends for both 
indicators. However, we observe significant variations in the corresponding systemic risk indicators, 
particularly for the two banks ATW and BCP. The other banks remain relatively non-systemic during 
the 4-years period. To better understand the reasons for these changes for ATW and BCP, which 

Figure 4. SRITVaRα αiXijSð Þ(Left) 
and SRIeα αiXijSð Þ (right) for 
α 2 0:90; 1½ �.

Figure 5. Smoothed spline of 
SRITVaRα αiXijSð Þ (Left) and 
SRIeα αiXijSð Þ (right).
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were previously identified as the most systemic within the Moroccan banking system, we compare 
the evolution of the indicators in their cases with their rolling annual returns:

Figure 7 presents the curves obtained for the two banks.

The most notable behavior is observed in the indicators for the BCP bank, which tends to exhibit 
a higher level of systemic risk during periods of negative performance. In such periods, its systemic risk 
indicators also become positive, and their evolution closely follows the performance of its returns. On the 
other hand, the ATW bank remains consistently within the systemic zone throughout the entire 4-year 
period. Its systemic level decreases (the value of the indicator increases) during periods of losses and 
increases during periods of gains. This finding suggests that the systemic nature of ATW bank is likely 
influenced by its weight within the system. During periods of positive returns, its weight in the system 
increases, leading to a higher systemic risk level. Conversely, during periods of negative returns, the risk 
decreases due to its reduced weight in the system caused by a decrease in its capitalization.

To sum up, this study identifies two banks, ATW and BCP, as systemic within the Moroccan banking 
system, consisting of listed banks. The analysis reveals that ATW significantly contributes to the 
systemic risk, primarily due to its substantial weight within the system, surpassing that of all other 

Figure 6. 1Y � SRITVaR95%
αi;tXi;t jSt
� �

(Left) and 1Y � SRIe95%
αi;tXi;t jSt
� �

(right).

Figure 7. ATW (Left)—BCP 
(right): 1Y Ri;tvsSRITVaR95%

αi;t
�

Xi;t jStÞvsSRIe95%
αi;tXi;t jSt
� �

.
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components. Similarly, BCP exhibits considerable systemic risk and demonstrates significant extreme 
dependence with the rest of the system. Consequently, based on these findings, it can be inferred 
that BCP carries a higher level of systemic risk compared to ATW. The different banks are thus ranked 
in ascending order of their systemic levels, from the most systemic to the least systemic, as follows: 
BCP, ATW, BOA, CIH, BCI, and CDM. Notably, the last two banks, BCI and CDM, do not demonstrate an 
empirical level of risk that qualifies them as systemic within the analyzed context.

Our study has important implications for financial regulators and policymakers in Morocco. It 
underscores the need for a proactive approach to managing systemic risk in the banking system, 
particularly among listed banks. Regulators should consider implementing measures such as 
increasing capital requirements, enhancing liquidity requirements, and strengthening deposit 
guarantee funds to mitigate systemic risks.

However, it is important to acknowledge the limitations of our study. Our indicators are based on 
stock market data, which may not fully capture the complexity of systemic risk. Risk can be endogen
ous and may not always manifest in stock prices. Therefore, our indicators should be used in conjunc
tion with other risk assessment tools for a more comprehensive analysis of systemic risk.

In addition, our study focuses on listed banks and does not account for the entire Moroccan 
banking system. Future research could expand the scope to include non-listed banks and explore 
the interconnectedness between different segments of the banking sector.

Overall, our research provides valuable insights into the quantification of systemic risk, but it 
should be considered alongside its limitations when formulating regulatory strategies.

3. Conclusion
In conclusion, this article introduces simple indicators for identifying systemic banks and quantify
ing systemic risk. While these indicators provide valuable insights, they do not fully capture 
endogenous risk not reflected in stock market values.

Our findings underscore the importance for financial regulators, especially in the Moroccan 
context, to consider individual banks’ risk profiles when implementing risk mitigation measures. 
This may include raising capital requirements, increasing high-quality liquid assets, and enhancing 
participation in deposit guarantee funds. Special attention should be given to systemic banks with 
foreign capital and international branches to address cross-border risks comprehensively.

In summary, our proposed indicators offer valuable insights for identifying systemic risks and guiding 
regulatory efforts to maintain a stable financial system. However, comprehensive assessments con
sidering endogenous risk and other factors are essential for robust risk management practices.
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