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Abstract: The purpose of this paper is to assess and predict sovereign credit risk for Egypt, Morroco
and Saudi Arabia using credit default swap (CDS) spreads obtained from the DataStream database
for the period from 2009 to 2022. Our approach consists of generating the implied default probability
and the corresponding credit rating in order to estimate the term structure of the implied default
probability using the Nelson–Siegel model. In order to validate the prediction from the probability
term structure, we calculate the transition matrices based on the implied rating using the homoge-
neous Markov model. The main results show that, overall, the probabilities of defaulting in the long
term are higher than those in the short term, which implies that the future outlook is more pessimistic
given the events that occurred during the study period. Egypt seems to be the country with the most
fragile economy, especially after 2009, likely because of the political events that marked the country
at that time. The economies of Morocco and Saudi Arabia are more resilient in terms of both default
probability and credit rating. These findings can help policymakers develop targeted strategies to
mitigate economic risks and enhance stability, and they provide investors with valuable insights for
managing long-term investment risks in these countries.

Keywords: CDS; implied default probability; implied rating; sovereign credit risk; term structure;
transition matrix

1. Introduction

The persistent growth of external debt in the MENA region has raised concerns about
the governments’ ability to service their debt. According to World Bank statistics, the total
external debt of countries in this region increased from USD 182 billion in 2009 to USD
225 billion in 2014, then reaching USD 350 billion in 2018 and USD 417 billion in 2021. High
levels of debt highlight the level of sovereign credit risk, which can be measured using
market data such as bond and credit default swap spreads or historical data provided by
rating agencies (Hull et al. 2004; Longstaff et al. 2011; Paret and Dufrénot 2015; Rodríguez
et al. 2019). The political crisis in most Arab countries in 2011, the COVID-19 health
crisis and the war in Ukraine have provided a window of opportunity for researchers
to challenge former assumptions about the adequacy of conventional rating and risk
assessment methodologies (Piccolo and Shapiro 2022). In fact, previous researchers have
shown that CDSs reflect information more precisely than credit rating and are effective in
predicting credit risk and that the credit risk measure withdrawn from the CDS spread is
more real than the credit risk measure withdrawn from other market data (Jarrow et al.
1997; Zhu 2006; Flannery et al. 2010; Dwyer et al. 2010; International Monetary Fund
2013; Jacobs et al. 2016; Rodríguez et al. 2019; Abid et al. 2020; Abid and Fathi 2023). The
implied ratings calculated from CDS spreads are more responsive to market conditions, as
ratings published by rating agencies tend to remain relatively stable even during periods
of increased risk, such as the COVID-19 pandemic and the war in Ukraine. Additionally,
implied ratings better reflect current information than ratings provided by agencies (Blair
2013; Vieira and Bonne 2016).
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The objective of this paper is to improve sovereign credit risk assessment tools in the
context of global crises and economic uncertainties. First, we measured sovereign credit risk
by calculating the market-implied default probability and implied rating from sovereign
CDS spreads. A CDS is a derivative product based on a loan granted by the purchaser
of the contract to a reference country, and it reacts instantaneously to variations in the
credit risk of that country. Next, we estimated the CDS-based implied default probability
term structure to measure risk across different investment horizons. Finally, we predicted
sovereign credit risk using a CDS-based implied rating transition matrix assessment.

Due to the unavailability of CDS prices for different maturities for all MENA region
countries, we focused on three countries with consistent and regular data: Egypt, Saudi
Arabia and Morocco. These countries were selected to represent varying levels of economic
development and social welfare. Egypt represents a country with significant political
turmoil and economic challenges, particularly following the 2011 revolution. This makes it
a critical case for studying the impact of political instability on sovereign credit risk. Saudi
Arabia is a country with a robust economy largely based on hydrocarbons and significant
fiscal reserves. It provides insight into how resource-rich countries manage credit risk and
economic stability. Morocco is known for its relative political stability and progressive
economic reforms; this country serves as an example of how stable governance and strategic
economic policies can influence credit risk. These countries provide a broad spectrum of
political and economic contexts. By studying these three countries, we aim to capture a
comprehensive picture of how different levels of economic development, social welfare
and political stability impact sovereign credit risk in the MENA region. The credit risk of
these countries is estimated and forecasted with an emphasis on the impact of global crises.
In 2011, Egypt experienced a revolution, leading to political instability since the fall of
President Mubarak, which durably weakened the economy until the election of President
Abdel-Fattah Al-Sissi in June 2014. The GDP growth rate decreased from 5.14% in 2010
to 1.76% in 2011, remaining around 2% until it increased in 2015, reaching 4.37%. Unlike
Egypt, Morocco did not experience a strong revolution in 2011 (Tourabi and Zaki 2011).
The country quickly regained political, economic and financial stability. The inflation rate
was 1.28% in 2012 compared to 0.99% and 0.9% in 2010 and 2011, respectively, and the GDP
growth rate was 3% compared to 3.81% and 5.24%. Then, it increased to 19.04% in 2014,
with the inflation rate decreasing to 0.44%. In 2020, Egypt was the first African country
affected by the epidemic, recording its first case on 14 February. Egypt managed to cope
with the health crisis by continuing a macroeconomic adjustment program deployed by the
authorities under the guidance of the IMF, in exchange for a loan of USD 12 billion to cover
part of its financing needs. The effects of the program on the Egyptian economy included a
decrease in the budget deficit to 7.7% of the GDP from 12.5% in 2015 and an increase in GDP
to USD 403 billion at the end of 2020, making it the second largest economy in Africa. Public
debt from domestic banks decreased to 89.6% of the GDP in June 2020 from 103.3% in June
2017. Additionally, user fees for the Suez Canal increased to more than USD 7 billion by the
end of 2021, compared to an average of USD 5.5 billion since 2014. The first case of COVID-
19 in Morocco was recorded on 2 March 2020. A significant slowdown in economic activity
was noted during the lockdown, resulting in a 7% reduction in GDP in 2020. To address the
health crisis and combat poverty, the government implemented strong emergency measures,
including a lump-sum unemployment benefit of 2000 Dirhams per month, subsistence aid
of 800 to 1200 Dirhams per month for the most vulnerable households, and deferral of tax
and social charges. The cost of these exceptional measures was primarily financed by the
Special Pandemic Management Fund, with one-third coming from the state budget and
the rest coming from donations from public companies, institutions and the population.
The decrease in tax revenue and increased debt, which rose from USD 24 billion in 2009 to
USD 65 billion in 2021, jeopardizes the country’s financial situation and solvency. While
Egypt and Morocco were in a phase of economic recovery, the war between Russia and
Ukraine increased the risk and concerns about the economic balance of these countries.
For Egypt, among the consequences of the conflict is a decrease in tourism receipts; in
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fact, tourists of Russian and Ukrainian origin represent 35% to 40% of tourists who visit
Egypt each year. The inflation rate increased from 4.5% in 2021 to 8.5% in 2022 due to the
rise in wheat and oil prices, owing to Ukraine and Russia representing on average 50%
of the purchases of the General Authority for Supply Commodities (GASC) (Badr and
El-khadrawi 2016; Boumahdi 2022; Oldenburg et al. 2022). For Morocco, tensions in world
food markets caused by the war in Ukraine, combined with climate risk (drought), could
compromise the country’s food security. Indeed, there was a fall in the GDP of 0.3% in 2021
due to the contraction of agricultural GDP, in addition to acceleration of the inflation rate,
which reached 8%, increasing concern about the level of solvency of the country, which is
represented by a higher term structure of the implied default probability. However, the
distress in Morocco did not affect relationships with foreign investors. The stock of foreign
direct investments rose from USD 10 billion in 2000 to USD 73 billion in 2021 (Thornary
et al. 2022a). Thus, inflows from foreign direct investment can cover a significant part
of Morocco’s financial needs, which makes its situation non-critical despite unfavorable
conditions. The political crisis in 2011, the COVID-19 health crisis and the war in Ukraine
have affected the economic situation of Egypt and Morocco; we therefore expect an upward
attitude of sovereign credit risk during these periods for these two countries but not to the
same degree given that Morocco can limit the harmful consequences via foreign investments.
Saudi Arabia is considered a wealthy country, with a budget surplus of USD 36.1 billion in
2021. Its economy is predominantly based on hydrocarbons and religious tourism, with
GDP growth closely tied to real oil growth (Thornary et al. 2022b). In recent years, the
stabilization of the COVID-19 pandemic and the rise in oil prices—when the average price
of a barrel of Brent reached USD 102 in 2022 compared to USD 71 in 2021—contributed to
GDP growth rates of 3.24% in 2021 and 7.6% in 2022 (Barry 2022). As a result, the credit
risk for Saudi Arabia is expected to be low, and its solvency remains robust in the face of
global crises. In fact, the need for this study arises from the increasing complexity and
volatility in global financial markets, particularly in the context of the MENA region’s rising
external debt and the impacts of major global crises such as political events, the COVID-19
pandemic and the war in Ukraine. Ratings provided by agency ratings and credit risk
assessment methods, based on bond and stock prices, often fail to capture the rapid changes
and specific risks associated with such unprecedented events (Abid et al. 2020; Abid and
Fathi 2023). This study addresses this gap by employing advanced models to assess and
predict sovereign credit risk, providing a more nuanced and dynamic understanding of
how the credit risk of different economies, especially those of the MENA region, respond to
economic instability and geopolitical tensions. By focusing on Egypt, Morocco and Saudi
Arabia, this research highlights the varied economic structures and resilience levels within
the region, offering critical insights for policymakers and investors. These insights are
essential for developing targeted strategies to mitigate risks, enhance economic stability
and inform investment decisions, thereby contributing to more robust and resilient financial
systems in the face of ongoing global challenges.

The remainder of this paper is structured as follows: Section 2 reviews previous
research on sovereign credit risk assessment. Section 3 presents the data and methodology,
combining theoretical and empirical approaches to address sovereign credit risk, sovereign
implied default probability and sovereign implied credit rating simultaneously. Section 4
interprets the results of sovereign credit risk measurement and prediction. The final section
concludes the paper.

2. Previous Research

Credit risk is the risk that a borrower defaults on their debt obligations. Studying
this risk is crucial for financial stability, guiding investment decisions and informing risk
management strategies. Credit risk assessments can be performed by estimating default
probability, which can be estimated using either historical data from rating agencies or
market data, such as stock prices, bond prices or CDS spreads (Merton 1974; Jarrow 2001;
Hull et al. 2004). According to Annaert and Ceuster (2000), default probabilities based on
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ratings from agencies may not accurately reflect the true level of risk. Studies by Flannery
et al. (2010), Cizel (2013), Jacobs et al. (2016), Rodríguez et al. (2019), Abid et al. (2020)
and Abid and Fathi (2023) indicate that CDS spreads provide more precise information
than credit ratings. Furthermore, Dwyer et al. (2010) demonstrated that CDS spreads
are more effective in predicting credit risk, with default probabilities derived from CDS
spreads being more realistic than those based on other financial data. In addition, Augustin
et al. (2022) showed a close relation between CDS quotations and credit risk; also, price
and quantity fluctuations of sovereign default insurance are explained by sovereign credit
risk. Therefore, in this article, we use the Hull (2014) model to calculate sovereign implied
default probabilities from sovereign CDS spreads.

There are two types of ratings: those provided by rating agencies like Moody’s,
Standard & Poor’s and Fitch and implied ratings generated by models such as Thomson
Reuters StarMine. These models function similarly to rating agencies by issuing a letter
grade, called an implied rating, based on the default probability of the rated country or
company. The variation in ratings between an agency and an implied rating model stems
from differences in credit risk evaluation. To align with default probability, ratings should
be adjusted over time to reflect changes in risk levels. Flannery et al. (2010) demonstrated
that, during the financial crisis, ratings provided by agency ratings failed to reflect the true
risk levels and remained unchanged despite increased risk. Hilscher and Wilson (2017)
showed that, although ratings are related to systematic risk, they are not optimal predictors
of default probability, highlighting the need for additional indicators like CDS spreads.
Annaert and Ceuster (2000) noted that rating models assume the same credit spreads
within the same class, which is inconsistent with market data. Hung et al. (2017) found
that rating agencies might delay rating adjustments, increasing information asymmetry.
Blair (2013) showed that implied ratings reflect information more accurately than agency
ratings. Therefore, this paper uses implied ratings based on CDSs and the Thomson Reuters
StarMine model to determine the implied ratings for the selected MENA countries.

In sovereign credit risk management, it is crucial to understand the relationship
between sovereign credit risk, lending horizon and sovereign rating. This relationship can
be elucidated by examining the term structure of credit risk and the transition matrix of
ratings. The term structure of CDS-based implied default probability provides an accurate
means to study the relationship between default probability and debt contract maturity.
Moreover, a CDS-based implied rating transition matrix indicates the probability of a
country migrating from one rating to another over a given period. The implied default
probability term structure and the implied transition matrix are essential concepts in
managing sovereign credit risk; they serve as major indicators for borrowers to manage
credit risk and make informed loan decisions.

In this study, we assess the sovereign implied default probability term structure using
the Nelson and Siegel (1987) model, as recommended by Baranovski et al. (2009), Hua
(2015), Caldeira et al. (2016) and Liu (2017). This model is a convenient and parsimonious
exponential components framework that can replicate various yield curve shapes. Addi-
tionally, we predict credit risk by estimating the implied rating transition matrix using the
homogeneous Markovian model. This model is widely recognized for its ability to capture
probabilistic transitions between different credit states over time (Abid et al. 2020). Jarrow
et al. (1997) pioneered the use of the Markov chain model to represent these transition
probabilities on a finite state space corresponding to various rating classes. Since their
work, the Markov chain model has become highly popular for estimating rating transition
matrices and has been adopted by numerous researchers, including Jones (2005), Frydman
and Schuermann (2008), Lando (2010), Engelmann and Ermakov (2011), Malik and Thomas
(2012), Gavalas and Syriopoulos (2014), Blümke (2018) and Abid et al. (2020).

In summary, the literature highlights the effectiveness of CDSs in providing timely and
accurate sovereign credit risk assessments. Additionally, the term structure of CDS-based
implied default probability and transition matrices of CDS-based implied ratings offer
valuable insights into credit risk assessment and forecasting.
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3. Data Description and Methodology
3.1. Data Description

To measure and predict sovereign credit risk, we used daily CDS spreads with ma-
turities of 6 months and 1, 2, 3, 4, 5, 7, 10, 20 and 30 years. Data are provided for three
MENA countries: Egypt, Morocco and Saudi Arabia. These countries were selected based
on the availability of CDS contracts with these maturities. The data were obtained from the
DataStream database. Table 1 presents the descriptive statistics of the CDS spreads for the
three countries. We observed that the CDS spread increases with maturity, indicating that
longer maturities correspond to higher credit risk. In line with the evolution of the CDS
spread, the standard deviation increases for Morocco and Saudi Arabia, suggesting that
CDS contracts with longer maturities exhibit greater dispersion in quotations compared
to those with shorter maturities. Conversely, in Egypt, the standard deviation generally
decreases with increasing maturity, implying lower dispersion for CDS contracts with
longer maturities.

Table 1. Descriptive statistics of CDS spread series of different maturities for studied MENA countries.

Egypt

Maturity 0.5 1 2 3 4 5 7 10 20 30

Min 80 90 147 167 175 162 175 176 175 25

Mean 264.3 298.8 345.8 375.2 394.9 413.6 430.6 440.5 447.9 440.3

Max 1608.8 1458.5 1390.1 1309.6 1492.8 1458.5 1390.1 1309.6 1290.0 1284.4

Sd 170.2483 177.1297 176.8832 172.1435 168.1435 164.1476 161.9315 157.1423 153.7284 175.2815

Morocco

Maturity 0.5 1 2 3 4 5 7 10 20 30

Min 0.77 9.90 27.99 43.44 61.62 79.82 98.55 104.2 99.71 93.45

Mean 81.05 94.37 116.12 133.45 151.01 165.38 179.50 189.8 197.03 199.68

Max 259.14 265.00 276.58 304.54 327.72 335.00 335.00 339.4 353.23 361.41

Sd 48.31051 49.06547 50.05776 52.24454 53.44148 54.20382 53.30555 54.69647 56.10721 56.69838

Saudi Arabia

Maturity 0.5 1 2 3 4 5 7 10 20 30

Min 1.03 0.34 11.16 15.66 28.74 43.30 61.31 77.38 81.49 76.3

Mean 29.66 35.08 46.27 59.15 74.42 89.92 111.94 126.76 140.11 146.2

Max 184.79 188.61 196.79 206.42 218.29 232.39 253.67 265.42 277.61 286.7

Sd 28.80631 30.56741 31.73342 32.14856 32.67511 33.57039 32.5189 31.82552 34.19131 35.4292

3.2. Methodology

The methodology of this paper consisted of three steps. The first step aimed to
determine the implied default probability and the implied rating from the observed CDS
spreads. In the second step, we estimated the term structure of the CDS-based implied
default probability. Finally, the third step involved predicting the level of credit risk by
estimating the transition matrix of the CDS-based implied rating. These three steps are
illustrated in Figure 1.
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3.2.1. CDS-Based Implied Default Probability and Rating

To determine the market-implied default probability, we began with the Hull and
White (2000) model, which calculates the CDS spread by considering the default risk of the
reference entity and the possibility of the default event occurring at any time. This model
allows us to express the implied default probability. The CDS spread is given by Equation (1).

si =

i
∑

k=1
qk

tk∫
tk−1

[1 − R − Ai(t)R]v(t)dt

i
∑

k=1
qk

tk∫
tk−1

[u(t) + e(t)]dt + u(ti)

[
1 −

i
∑

k=1
qk(tk − tk−1)

] (1)

where q is the risk-neutral default probability, R is the expected recovery rate on the
reference obligation in a risk-neutral world, u(t) is the present value of payments at the rate
of 1 dollar per year on payment dates between time zero and time t, e(t) is the present value
of an accrual payment at time t equal to t − t∗, where t∗ is the payment date immediately
preceding time t, v(t) is the present value of 1 dollar received at time t and A(t) is the
accrued interest on the reference obligation at time t as a percentage of the face value.
From Equation (1), qi can be iteratively evaluated. It should be noted that δk = tk − tk−1,
αk =

∫ tk
tk−1

[1 − R]v(t)dt, βki =
∫ tk

tk−1
Ai(t)Rv(t)dt and γk =

∫ tk
tk−1

[u(t) + e(t)]dt.
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The default probability is written as

qi =

siu(ti) +
i−1
∑

k=1
qk[siγk − siu(ti)δk − αk + βk,i]

αi − βi,i − siγi + siu(ti)δi
(2)

Once the implied probabilities of defaulting for different maturities are determined,
the implied default probability with a one-year maturity is used to assign ratings to the
studied countries. Specifically, based on the annual average probability of defaulting, an
annual rating is assigned using the classification defined by the Thomson Reuters StarMine
Sovereign Risk model. This model estimates the probability that a sovereign government
defaults on its debt, considering macroeconomic, market-based and political risk data to
generate a comprehensive picture of sovereign risk and identify a rating. The rating classes
and their corresponding default probability intervals are presented in Table 2.

Table 2. Mapping of StarMine Sovereign Risk probability of defaulting to letter grades.

If the One-Year PD (%) Is
Greater Than

And the One-Year PD (%) Is
Less Than or Equal to Then the Rating Is

0.000% 0.123% AAA

0.123% 0.332% AA

0.332% 0.851% A

0.851% 1.879% BBB

1.879% 4.107% BB

4.107% 12.052% B

12.052% 20.973% CCC

20.973% 100.0% CC
Source: Refinitiv/StarMine Sovereign Risk model by StarMine research team. RE105787/12-19.

3.2.2. Term Structure of CDS-Based Implied Default Probability

The CDS-based default probability was employed to analyze the credit risk of MENA
countries in discrete time. We utilized the Nelson and Siegel (1987) model to estimate the
term structure of implied default probabilities.

As delineated by Abid et al. (2020), the forward market-implied default probability
for maturity T, following the Nelson and Siegel (1987) model, is

qT = β1 + β2e−
T
τ +

T
τ

β3e−
T
τ (3)

The function of the corresponding term structure is

QT = β1 + (β2 + β3)
(

1 − e−
T
τ

)
/
(

T
τ

)
− β3e−

T
τ (4)

Diebold and Li (2006) reformulated the Nelson and Siegel (1987) equation so that
parameters (β1, β2 and β3) can be easily interpreted, so the forward default probability is
given by

qt(T) = β1t + β2te−λtT + β3tλte−λtT (5)

The function of the corresponding term structure is

Qt(T) = β1t + β2t

(
1 − e−λtT

λtT

)
+ β3t

(
1 − e−λtT

λtT
− e−λtT

)
(6)
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Parameters β1t, β2t and β3t can be considered factors of level, slope and curvature,
respectively. λt is a scale parameter or decreasing parameter of market-implied default
probability, which has a significant effect on the slope and curvature components. For a
very high value of λ, the component of the slope decreases slowly, and the component of
the curvature reaches its maximum afterward. To estimate parameters of the model by
means of the OLS method, we fixed λt to reduce the model to a linear regression model,
as is recommended by Nelson and Siegel (1987), Diebold and Li (2006) and Annaert et al.
(2013). The λt selected parameter must correspond to the best estimation market-implied
default probabilities and to the maturity for which the value of the component of β3t is the
highest. By referring to Muvingi and Kwinjo (2014), the estimation of parameters β1t, β2t
and β3t by means of the OLS method can be realized by considering Equation (7).

Qt(T) = Xt ∗ βt + εt (7)

where Qt(T) is a vector of market-implied default probabilities at time t corresponding
to n maturities collected in vector T. βt is a vector of parameters β1t, β2t and β3t. Xt is a
vector of the components of parameters β1t, β2t and β3t. εt is a vector of error terms at time
t for n estimates of the market-implied default probabilities. Vector Xt is the vector of the
independent variables that explain the dependent variables of vector Qt(T).

Xt =



1 1−e−λtT1
λtT1

(
1−e−λtT1

λtT1
− e−λtT1

)
1 1−e−λtT2

λtT2

(
1−e−λtT2

λtT2
− e−λtT2

)
1 1−e−λtTn

λtTn

(
1−e−λtTn

λtTn
− e−λtTn

)


(8)

The parameters estimated through the OLS method are given by Equation (9).

β̂OLS =
(

XTX
)−1

XTQ (9)

where β̂OLS is the vector parameters of dimension k, X = (vX1X2 . . . Xk−1) is constituted by
vector v and the independent variables, v is a vector of n dimensions and contains ones and
X is a vector of nk dimensions. The estimated vector of market-implied default probabilities
can be obtained from the estimated vector of parameters β̂OLS.

Q̂ = Xβ̂OLS (10)

3.2.3. Transition Matrix of CDS-Based Implied Rating

To forecaste sovereign credit risk levels, we employed the homogeneous Markov
model in discrete time to estimate the rating transition matrix. This matrix, as investigated
in our study, delineates the dynamics of sovereign risk by indicating transition probabilities
between different classes of CDS-based implied ratings. We calculated the implied rating
transition matrices for Egypt, Morocco and Saudi Arabia on the basis of their CDS-based
implied rating history determined in the first step of our research. A discrete time Markov
chain is a stochastic process that forms a series of random variables X1, X2, . . ., Xn, which
are the country’s implied ratings in our case, with the results x1, x2, . . ., xn. A property
of the Markov chain in discrete time is that the future implied rating at a particular time
depends only on the current implied rating:

Pr(Xn+1 = xn+1/X1 = x1, X2 = x2, . . . , Xn = xn) = Pr(Xn+1 = xn+1/Xn = xn) (11)
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N is the number of possible implied ratings, M is the transition matrix of the one-year
individual implied rating, and Pij is the probability that the company may have an implied
rating j in (t + 1), with the knowledge that it has the implied rating i in t with ∆t = 1 year.

M =


P11 P12 P1N
P21 P22 P2N

PN1 P2N PNN

 (12)

pij =
nij

ni
(13)

where nij is the number of times the company changes from implied rating i to implied
rating j during the study period and ni is the number of times the company is implicitly

rated i during the study period. Given that
N
∑

j=1
pij = 1 for i = 1, 2, . . ., N and Pij ≥ 0 ∀ i,

j = 1, 2, . . ., N.
A Markov chain is homogeneous if it is possible to deduce the transition probabilities at

horizon h(Ph) with the simple knowledge of one-year transition probabilities (p). Therefore,
we have

ph = ph (14)

A homogeneous Markov chain is stationary if, over the long run, no matter the starting
state, the proportion of time the chain spends in a particular state is approximately the same
for all states. The state probability distribution is an invariant and permanent distribution
in the long term.

To assess the implied rating transition matrix, the bootstrap maximum likelihood
method was applied. We followed the process of Christensen et al. (2004). First, we applied
the bootstrap technique to an annual implied rating sequence. The number of bootstrap
samples was 100. Then, we used the MLE method on every sample bootstrap separately,
and the corresponding estimated transition probability is given by

p̂ij =

N−1
∑

k=0
nij(∆tk)

N−1
∑

k=0
ni(tk)

(15)

where nij(∆tk) is the number of times the company changes from implied rating i to implied
rating j during the ∆tk time interval and ni(∆tk) is the number of times the company would
have implied rating i during the ∆tk interval.

Finally, the estimated transition probability from implied rating i to implied rating j
(p̂ij) is the average of (p̂ij) of the bootstrap samples. The log likelihood of the transition
matrix estimation is given by Equation (16).

LLH = ∑
ij

log( p̂ij) (16)

The standard error of the transition probability estimation is

SEij =
p̂ij
√nij

(17)
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4. Results Analysis
4.1. Implied Default Probability and Implied Rating Results

Figures 2–4 illustrate the evolution of sovereign default probabilities over time across
various maturities for Egypt, Morocco and Saudi Arabia, respectively. These probabilities
were derived from observed CDS spreads for corresponding maturities, employing the
Hull (2014) model. It is evident that the CDS-based implied default probability rose as
maturity increased, signifying elevated credit risk for longer maturities.
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For each year of the studied period, the average implied default probability was used
to determine the implied rating of the MENA countries according to the classification
defined by the Thomson Reuters StarMine Sovereign Risk model. So, for each country, we
obtained a sequence of CDS-based implied ratings, given in Table 3.

Table 3. Determined CDS-based implied rating.

Years Egypt Morocco Saudi Arabia

2009 BB BB -

2010 BB BBB -

2011 B BB BBB

2012 B BB BBB

2013 B BB AA

2014 B BB AA

2015 B BB BBB

2016 B BB BBB

2017 BB BBB AA

2018 BB BBB A

2019 B BBB A

2020 B A BBB

2021 BB BBB AA

2022 CCC BBB A

To display credit rating evolution during the period of research of these three countries,
as shown in Figure 5, numbers from 1 to 8 were assigned to the rating categories, as shown
in Table 4.
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Table 4. CDS-based implied ratings and assigned numerical coding.

Rating Code 1 2 3 4 5 6 7 8

CDS-based implied rating AAA AA A BBB BB B CCC CC

Table 4 and Figure 5 show that Egypt suffers from the highest credit risk, as it belongs
to the subinvestment grade class since its credit rating is BB and below, and it reached
the worst class, CCC, in 2022, which makes its situation worrying. This lies in contrast
to Saudi Arabia, which belongs to the investment class with a rating of BBB and above,
implying a high level of solvency for this country, reaching class AA in 2021 and A in
2022. For Morocco, the credit rating at the start of the years of study seems low, but after
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2017, it improved and reached class A in 2020, which implies an improvement in the level
of solvency of this country in the last decade due to the development of the country in
all areas. The sequences of determined CDS-implied rating were then used to predict
the level of credit risk of the selected countries by estimating the transition matrix for
different horizons.

4.2. Term Structure Results

The estimated parameters (β̂1t, β̂2t and β̂3t), through the OLS method, and the fixed
value of λt, for each estimation date (t), for the three MENA countries are summarized in
Tables 5–7. We noticed that the estimated parameters are significant at the 1% risk level.
Moreover, we noticed that the β̂2t coefficient for Egypt, in absolute value, is strictly greater
than that of other countries at each estimation date. As a result, the slope of the term
structure curve for Egypt is expected to be greater than those of Morocco and Saudi Arabia.

Table 5. Estimated parameters of the Nelson–Siegel model for Egypt.

Date β̂1
(p-Value)

β̂2
(p-Value)

β̂3
(p-Value)

λ

2009 0.01646
(0.9459)

−0.08428
(0.6952)

1.12635
(0.0885) 0.1379506

2012 1.111116
(1.22 × 10−12) *

−1.087499
(2.08 × 10−12) *

−0.705117
(1.79 × 10−7) * 0.3260436

2015 1.130770
(9.05 × 10−13) *

−1.124164
(4.57 × 10−13) *

−0.642330
(7.22 × 10−8) * 0.1992737

2020 1.114850
(9.26 × 10−15) *

−1.081379
(3.36 × 10−14) *

−1.095824
(1.22 × 10−10) * 0.3985108

2021 1.122746
(5.96 × 10−13) *

−1.116183
(7.06 × 10−13) *

−0.950938
(9.33 × 10−9) * 0.298877

2022 1.100861
(9.88 × 10−13) *

−1.045899
(6.55 × 10−12) *

−0.688646
(4.26 × 10−7) * 0.4483072

Note: * Denotes a 1% level of significance.

Table 6. Estimated parameters of the Nelson–Siegel model for Morocco.

Date β̂1
(p-Value)

β̂2
(p-Value)

β̂3
(p-Value)

λ

2009 1.03071
(1.39 × 10−10) *

−1.02755
(6.27 × 10−11) *

−0.45770
(1.08 × 10−5) * 0.1195632

2012 1.081930
(1.94 × 10−12) *

−1.078795
(9.02 × 10−13) *

−0.768440
(2.79 × 10−8) * 0.1887807

2015 0.93849
(5.07 × 10−11) *

−0.92918
(2.25 × 10−11) *

−0.58453
(1.11 × 10−6) * 0.1630265

2020 0.92524
(5.84 × 10−11) *

−0.91462
(2.68 × 10−11) *

−0.60202
(1.09 × 10−6) * 0.1707952

2021 0.95609
(1.27 × 10−11) *

−0.95872
(5.10 × 10−12) *

−0.75129
(4.37 × 10−8) * 0.1494588

2022 1.01311
(1.90 × 10−11) *

−1.01986
(7.44 × 10−12) *

−0.69407
(1.68 × 10−7) * 0.1494588

Note: * Denotes a 1% level of significance.
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Table 7. Estimated parameters of the Nelson–Siegel model for Saudi Arabia.

Date β̂1
(p-Value)

β̂2
(p-Value)

β̂3
(p-Value)

λ

2011 0.898359
(9.37 × 10−12) *

−0.897360
(3.91 × 10−12) *

−0.708039
(2.44 × 10−8) * 0.1379506

2012 0.866858
(8.90 × 10−12) *

−0.863565
(3.74 × 10−12) *

−0.718352
(2.12 × 10−8) * 0.1494588

2015 0.881929
(3.40 × 10−1) *

−0.879378
(1.42 × 10−12) *

−0.812071
(3.91 × 10−9) * 0.1494588

2020 0.74595
(4.64 × 10−10) *

−0.74943
(1.87 × 10−10) *

−0.62122
(1.33 × 10−6) * 0.1630265

2021 0.86406
(8.33 × 10−10) *

−0.87079
(3.37 × 10−10) *

−0.79250
(5.67 × 10−7) * 0.1280884

2022 0.98457
(1.83 × 10−10) *

−0.98722
(8.68 × 10−11) *

−0.88249
(7.82 × 10−8) * 0.1055055

Note: * Denotes a 1% level of significance.

The term structures of the CDS-implied default probability estimated by the Nelson
and Siegel (1987) model are shown in Figures 6–8 for Egypt, Morocco and Saudi Arabia,
respectively.
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Figure 6 displays Egypt’s implied default probability term structures for various dates
spanning from 2009 to 2022. Across each year of estimation, the term structure consistently
exhibits an upward curve, suggesting that long-term default risk holds more significance
than short-term risk. However, the level of risk fluctuates from year to year. It undergoes
temporal variations, at times increasing and at other times decreasing, yet consistently
retaining its importance and criticality. The depicted figure highlights a notable surge in
credit risk in 2012 across all maturities compared to 2009. This increase aligns with the
period of political instability stemming from the revolution in 2011 until the restoration of
political stability in 2014. This instability serves to elucidate the subsequent relative decline
in the term structure of the implied default probability in 2015. In 2020, the term structure
increases, and we notice a return to the level of risk seen in 2012. For maturities less than
10 years, the probability of defaulting is slightly lower than that of 2012. But beyond
10 years of maturity, the curves coincide, and the same level of credit risk is estimated
in the long term. The high level of credit risk in 2020 reflects the impact of COVID-19’s
propagation. Egypt was able to cope with the health crisis by pursuing a macroeconomic
adjustment program deployed by the authorities under the guidance of the IMF, and it
was able to improve the economic and financial situation that explains the decrease in
the risk of insolvency represented by a decrease in the term structure of the CDS-implied
probability of defaulting in 2021. The war between Russia and Ukraine increased the risk
and concerns about the country’s economic balance (decrease in tourism receipts, rise in
wheat and oil prices. . .), and for this, we found a significant increase in 2022 of the term
structure of the default probability, which exceeded 40% for a maturity of 5 years. Despite
Egypt’s critical economic and financial situation, rating agencies have maintained their
sovereign rating for Egypt at B (Badr and El-khadrawi 2016; Boumahdi 2022; Oldenburg
et al. 2022). According to our determined rating based on CDSs, Egypt in 2022 was rated
CCC, which conformed well to its overall situation. The difference between the ratings is
due to differences in the estimation of credit risk. The default probabilities estimated by a
real-world model are generally smaller than those of a risk-neutral model, like our model,
because the latter considers all the risks that exist in the market through the risk premium
required by investors against the risk they assume.

Unlike Egypt, the political conflict in Morocco in 2011 did not result in lasting detri-
mental effects. This accounts for the decline in the probability of defaulting from 2012, as
evidenced by lower term structures until 2020. However, the elevated level of credit risk in
2021 reflects the impact of the COVID-19 pandemic in Morocco. The expenses associated
with the extraordinary measures implemented to mitigate the adverse effects of the health
crisis have worsened the country’s financial situation and heightened the sovereign risk of
insolvency across all investment horizons. This explains the increase in the term structure
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of the implied probability of defaulting in 2021. In 2022, the term structure of the implied
default probability persists in its upward trajectory due to threats impacting the country’s
food security stemming from climate risks and the conflict in Ukraine. Nevertheless, Mo-
rocco is progressively drawing foreign investors, and the revenue generated is directed
toward mitigating the budget deficit. This enables the country to alleviate the impacts of
crises, enhance its economy and mitigate its credit risk. Consequently, we observed that
the term structures of implied default probability in Morocco are somewhat responsive to
crises, experiencing fluctuations both upward and downward, albeit within a narrower
range compared to Egypt.

Figure 8 illustrates that the probability of defaulting diminishes over time across all
maturities. Saudi Arabia enjoys political, economic and financial stability, and its solvency
level remains impervious to global crises such as the health crisis in 2020 and the conflict
in Ukraine in 2022. This resilience can be attributed to the fact that the Saudi economy
is predominantly reliant on hydrocarbons and religious tourism. GDP growth in Saudi
Arabia is intricately tied to the growth of real oil production, as noted by Thornary et al.
(2022a, 2022b).

4.3. Rating Transition Matrix Results

The one-year implied rating transition matrices for Egypt, Morocco and Saudi Arabia,
estimated using the homogeneous Markov model, along with confidence intervals and
standard errors for each transition probability, are presented in Tables 8–10.

Table 8. One-year transition matrix of CDS-based implied ratings estimated by the discrete time
homogeneous Markov model for Egypt in 2022.

Implied Rating BB B CCC

BB

0.3113525
(0.02560048 *)
(0.2692434 **)
(0.3534615 ***)

0.4971895
(0.03173144 *)
(0.4449959 **)
(0.5493831 ***)

0.1914580
(0.02351212 *)
(0.1527840 **)
(0.2301320 ***)

B

0.2542111
(0.01719046 *)
(0.2259354 **)
(0.2824869 ***)

0.7457889
(0.01719046 *)
(0.7175131 **)
(0.7740646 ***)

2.069027 × 10−315

(0.00000000 *)
(2.069027 × 10−315 **)
(2.069027 × 10−315 ***)

CCC

0.1663335
(0.02734657 *)
(0.1213524 **)
(0.2113146 ***)

0.6847605
(0.04000309 *)
(0.6189613 **)
(0.7505597 ***)

0.1489060
(0.02146092 *)
(0.1136059 **)
(0.1842061 ***)

Notes: Level of confidence: 95%; * standard error; ** lower end of the confidence interval; *** upper end of the
confidence interval.

Table 9. One-year transition matrix of CDS-based implied ratings estimated by the discrete time
homogeneous Markov model for Morocco in 2022.

Implied Rating A BBB BB

A

0.10587950
(0.02691508 *)
(0.06160814 **)
(0.15015086 ***)

0.8181818
(0.03942772 *)
(0.7533290 **)
(0.8830347 ***)

0.07593868
(0.02188393 *)
(0.03994281 **)
(0.1119345 ***)

BBB

0.30579660
(0.02320965 *)
(0.26762012 **)
(0.34397308 ***)

0.4585097
(0.02922030 *)
(0.4104466 **)
(0.5065728 ***)

0.23569367
(0.02123178 *)
(0.20077050 **)
(0.2706168 ***)

BB

0.05717599
(0.01549908 *)
(0.03168227 **)
(0.08266971 ***)

0.2966108
(0.02808647 *)
(0.2504127 **)
(0.3428089 ***)

0.64621323
(0.02753047 *)
(0.60092963 **)
(0.6914968 ***)

Notes: Level of confidence: 95%; * standard error; ** lower end of the confidence interval; *** upper end of the
confidence interval.
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Table 10. One-year transition matrix of CDS-based implied ratings estimated by the discrete time
homogeneous Markov model for Saudi Arabia in 2022.

Implied Rating AA A BBB

AA

0.21647619
(0.02456264 *)

(0.176074249 **)
(0.25687813 ***)

0.57869048
(0.02901252 *)

(0.530969134 **)
(0.62641182 ***)

0.2048333
(0.02519096 *)
(0.1633979 **)
(0.2462688 ***)

A

0.02525253
(0.01313296 *)

(0.003650722 **)
(0.04685433 ***)

0.43083213
(0.02797203 *)

(0.384822233 **)
(0.47684203 ***)

0.5439153
(0.02992910 *)
(0.4946864 **)
(0.5931443 ***)

BBB

0.61758521
(0.02618239 *)

(0.574519002 **)
(0.66065141 ***)

0.02538071
(0.01313296 *)

(0.003778907 **)
(0.04698251 ***)

0.3570341
(0.02412102 *)
(0.3173585 **)
(0.3967096 ***)

Notes: Level of confidence: 95%; * standard error; ** lower end of the confidence interval; *** upper end of the
confidence interval.

According to these tables, the transition probabilities fall within the corresponding
confidence intervals with low standard errors of estimation at a 95% confidence level.
Notably, after one year, Egypt, which had a CDS-based implied rating of CCC in 2022, has
a probability of 0.684 of improving to B, a probability of 0.1663 of improving to BB and a
probability of 0.148 of remaining in the same rating class. Thus, Egypt’s situation remains
critical. In contrast, Morocco and Saudi Arabia, rated BBB and A, respectively, in 2022, are
expected to maintain high levels of solvency after one year. Morocco has a probability of
0.458 of remaining at the same rating, a probability of 0.235 of downgrading to BB and a
probability of 0.305 of upgrading to A. For Saudi Arabia, the rating could increase to AA,
remain at A or downgrade to BBB with probabilities of 0.025, 0.430 and 0.543, respectively.

The 10, 20 and 30-year transition matrices, made by multiplying the one-year transition
matrix by itself 10, 20 and 30 times, are shown in Tables 11–13.

These tables show that, for the three studied MENA countries, the transition probabil-
ity from one rating class to another remains almost constant over the 10, 20 and 30-year
horizons. This indicates that the Markov chain of the CDS-based implied ratings is time
invariant, and the distribution of state probabilities is in a steady state in the long term.
Additionally, the probability of being in a given rating class over the long term for 10, 20
and 30 years does not depend on the initial state. Whatever the initial state, the chain
converges to the invariant probability. Therefore, the chain of CDS-based implied ratings
is ergodic.

Table 11. Transition matrix of 10, 20 and 30 years of CDS-based implied ratings estimated by the
discrete time homogeneous Markov model for Egypt in 2022.

Implied Rating BB B CCC

BB
0.2640805 *
0.2640806 **
0.2640806 ***

0.6765132 *
0.6765132 **
0.6765132 ***

0.05940630 *
0.05940629 **
0.05940629 ***

B
0.2640806 *
0.2640806 **
0.2640806 ***

0.6765132 *
0.6765132 **
0.6765132 ***

0.05940628 *
0.05940629 **
0.05940629 ***

CCC
0.2640805 *
0.2640806 **
0.2640806 ***

0.6765132 *
0.6765132 **
0.6765132 ***

0.05940628 *
0.05940629 **
0.05940629 ***

Notes: * 10 years; ** 20 years; *** 30 years.
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Table 12. Transition matrix of 10, 20 and 30 years of CDS-based implied ratings estimated by the
discrete time homogeneous Markov model for Morocco in 2022.

Implied Rating A BBB BB

A
0.1606010 *
0.1450128 **
0.1310481 ***

0.4097178 *
0.3700540 *

0.3344178 ***

0.2906625 *
0.2629896 **
0.237664 ***

BBB
0.1688395 *
0.1525207 **
0.1378330 ***

0.4308033 *
0.3892133 **
0.3517321 ***

0.3059074 *
0.2766059 **
0.249969 ***

BB
0.1721708 *
0.1557422 **
0.1407444 ***

0.4394966 *
0.3974342 **
0.3591617 ***

0.3129858 *
0.2824490 **
0.255249 ***

Notes: * 10 years; ** 20 years; *** 30 years.

Table 13. Transition matrix of 10, 20 and 30 years of CDS-based implied ratings estimated by the
discrete time homogeneous Markov model for Saudi Arabia in 2022.

Implied Rating AA A BBB

AA
0.3032896 *
0.3033764 **
0.3033764 ***

0.3250668 *
0.3250228 **
0.3250227 ***

0.3716434 *
0.3716005 **
0.3716005 ***

A
0.3034091 *
0.3033764 **
0.3033764 ***

0.3249418 *
0.3250228 **
0.3250227 ***

0.3716489 *
0.3716005 **
0.3716005 ***

BBB
0.3034187 *
0.3033764 **
0.3033764 ***

0.3250579 *
0.3250228 **
0.3250227 ***

0.3715233 *
0.3716005 **
0.3716005 ***

Notes: * 10 years; ** 20 years; *** 30 years.

5. Conclusions and Creditworthiness Implications

Measuring and forecasting the sovereign credit risk of the MENA countries in periods
of global crises is the main objective of this article. We focused on three selected countries:
Egypt, Morocco and Saudi Arabia, which represent varying levels of development and
social welfare.

The probability of defaulting, a robust measure of credit risk, was estimated based
on the CDS price using the Hull (2014) model. This probability was then used to identify
the implied ratings of these countries using the Thomson Reuters StarMine Sovereign
Risk model. The results indicate that the CDS-based implied default probability increases
with maturity, suggesting higher credit risk for longer maturities. Among the observed
CDS-based implied ratings, Egypt was identified as the riskiest country, whereas Saudi
Arabia is the most solvent. To measure credit risk for different horizons, the term structure
of the probability of defaulting was modeled using the Nelson and Siegel (1987) model.
For each year of estimation, the term structure shows a rising curve, indicating that Egypt,
Morocco, and Saudi Arabia are more insolvent in the long term than in the short term.
This implies that lenders face additional risk when lending to these countries at longer
maturities. Furthermore, the slope of the term structure for the CDS-based implied default
probability is steeper for Egypt than those for Morocco and Saudi Arabia, especially during
years of crisis.

The term structure varies across different years. For Egypt and Morocco, it some-
times trends upwards and sometimes downwards, indicating fluctuations in the level of
sovereign credit risk. The upward trend in risk is attributable to the 2011 revolution, the
COVID-19 health crisis and the war in Ukraine. These crises have had a more significant
impact on Egypt’s solvency, leading to higher probabilities of defaulting. In contrast, Mo-
rocco managed these crises better through increased foreign investments, which covered a
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significant portion of its financing needs, thus making its situation less critical than Egypt’s.
Saudi Arabia’s sovereign credit risk has been decreasing year by year, as shown by the
downward trend in the term structure of the CDS-based implied default probability. Its
level of solvency remains largely unaffected by global crises, primarily due to rising oil
prices. The term structure estimation results confirm the implied rating determination
results by providing consistent levels of sovereign credit risk for the selected MENA coun-
tries across each studied year. These results also align with the evolution of economic and
financial indicators such as GDP growth, inflation rate, budget deficit, debt, foreign invest-
ments and oil prices, as provided by the World Bank. Finally, to predict the sovereign credit
risk level, the transition matrices of the CDS-based implied rating were estimated. After
one year, the sovereign credit risk level remains almost unchanged for the three countries.
Specifically, Egypt continues to face high risk, despite potential rating improvements, and
remains in lower rating classes, limiting its access to the debt market. Morocco has an
opportunity to improve its rating, which could attract more foreign investment. Saudi
Arabia maintains its high level of solvency, indicating the sustainability of its financial
stability. In conclusion, this paper identifies Egypt as the most fragile economy among
the studied MENA countries, particularly after 2009. The higher default probabilities in
Egypt can be largely attributed to significant political events, such as the 2011 revolution
and the subsequent period of instability. These events led to economic disruptions, de-
creased investor confidence and increased borrowing costs. Furthermore, ongoing political
instability has hindered economic reforms and growth, exacerbating the country’s credit
risk profile. (El-Bassiouny and Letmathe 2020; Maher and Zhao 2021). Morocco and Saudi
Arabia have shown greater resilience in default probability and credit rating compared
to Egypt, maintaining significant stability despite economic challenges. This resilience
stems from the implementation of robust economic policies and structural reforms aimed
at diversifying their economies and enhancing fiscal stability. Saudi Arabia aims to reduce
oil dependence and develop sectors like tourism and technology, and Morocco focuses
on industrialization, agriculture and renewable energy, leading to more robust economic
structures. Their relatively stable political environments contribute to consistent economic
policies and investor confidence, mitigating risks associated with political turmoil. Effec-
tive fiscal management, including prudent public debt management and sustainable fiscal
balances, supports their economic stability, with Saudi Arabia’s substantial foreign reserves
and Morocco’s cautious debt practices being key examples. Strong international relations
and strategic alliances bolster economic stability, as Saudi Arabia’s pivotal role in global
energy markets and Morocco’s trade agreements with the European Union enhance their
economic resilience (Ben Hassen 2022; Lazrak 2023).

These findings have significant implications for policymakers and investors. For
policymakers, understanding the varying risk profiles and the factors contributing to
economic fragility can guide the development of more targeted economic and political
strategies to mitigate risk and enhance stability. For investors, the insights into the term
structures of default probabilities provide valuable information for making informed
investment decisions, particularly in managing portfolio risks associated with long-term
investments in these countries. Additionally, the use of advanced models such as the
Nelson–Siegel model and the homogeneous Markov model underscores the importance of
employing sophisticated analytical tools in credit risk assessments, which can contribute to
more accurate and reliable predictions in the context of global economic uncertainties.
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